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Abstract	

Cellular	 life	 is	 highly	 complex.	 In	 order	 to	 expand	our	understanding	of	 the	
workings	 of	 human	 cells,	 in	 particular	 in	 the	 context	 of	 health	 and	 disease,	
detailed	 knowledge	 about	 the	 underlying	molecular	 systems	 is	 needed.	 The	
unifying	 theme	 of	 this	 thesis	 concerns	 the	 use	 of	 data	 derived	 from	
sequencing	 of	 RNA,	 both	 within	 the	 field	 of	 transcriptomics	 itself	 and	 as	 a	
guide	 for	 further	 studies	 at	 the	 level	 of	 protein	 expression.	 In	paper	 I,	 we	
showed	 that	 publicly	 available	 RNA-seq	 datasets	 are	 consistent	 across	
different	 studies,	 requiring	 only	 light	 processing	 for	 the	 data	 to	 cluster	
according	 to	 biological,	 rather	 than	 technical	 characteristics.	 This	 suggests	
that	 RNA-seq	 has	 developed	 into	 a	 reliable	 and	 highly	 reproducible	
technology,	and	that	the	increasing	amount	of	publicly	available	RNA-seq	data	
constitutes	 a	 valuable	 resource	 for	meta-analyses.	 In	paper	 II,	we	explored	
the	ability	to	extrapolate	protein	concentrations	by	the	use	of	RNA	expression	
levels.	 We	 showed	 that	 mRNA	 and	 corresponding	 steady-state	 protein	
concentrations	 correlate	well	 by	 introducing	 a	 gene-specific	RNA-to-protein	
conversion	 factor	 that	 is	 stable	 across	 various	 cell	 types	 and	 tissues.	 The	
results	from	this	study	indicate	the	utility	of	RNA-seq	also	within	the	field	of	
proteomics.		

The	 second	 part	 of	 the	 thesis	 starts	 with	 a	 paper	 in	 which	we	 used	
transcriptomics	 to	 guide	 subsequent	 protein	 studies	 of	 the	 molecular	
mechanisms	underlying	malignant	transformation.	In	paper	III,	we	applied	a	
transcriptomics	 approach	 to	 a	 cell	 model	 for	 defined	 steps	 of	 malignant	
transformation,	 and	 identified	 several	 genes	 with	 interesting	 expression	
patterns	 whose	 corresponding	 proteins	 were	 further	 analyzed	 with	
subcellular	spatial	resolution.	Several	of	these	proteins	were	further	studied	
in	clinical	tumor	samples,	confirming	that	this	cell	model	provides	a	relevant	
system	for	studying	cancer	mechanisms.	In	paper	IV,	we	continued	to	explore	
the	transcriptional	landscape	in	the	same	cell	model	under	moderate	hypoxic	
conditions.		

To	conclude,	this	thesis	demonstrates	the	usefulness	of	RNA-seq	data,	
from	 a	 transcriptomics	 perspective	 and	 beyond;	 to	 guide	 in	 analyses	 of	
protein	 expression,	with	 the	 ultimate	 goal	 to	 unravel	 the	 complexity	 of	 the	
human	cell,	from	a	holistic	point	of	view.	
	
Keywords:	RNA-seq,	Transcriptomics,	Proteomics,	Malignant	transformation,	
Cancer,	Functional	enrichment	
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Populärvetenskaplig	sammanfattning	
 
Din	kropp	är	uppbyggd	av	över	trettiosju	tusen	miljarder	levande	celler.	Varje	
enskild	cell	utgör	ett	eget	litet	universum	där	miljoner	molekyler	interagerar	i	
olika	 funktioner	 som	 tillsammans	 skapar	 cellens	 identitet.	 Den	 unika	
kombinationen	av	molekyler	som	verkar	inne	i	dina	celler	avgör	till	exempel	
om	du	är	frisk	eller	sjuk,	vad	som	gör	en	njure	till	en	njure	och	vilken	färg	dina	
ögon	 har.	 Den	 repertoar	 av	 molekyler	 som	 finns	 i	 cellerna	 finns	
förprogrammerad	 i	 dina	 gener	 som	 består	 av	 DNA.	 Sammansättningen	 av	
DNA	är	stabil	och	väldigt	lik	mellan	individer,	men	trots	detta	är	människor,	
biologiskt	 sett,	 väldigt	 olika.	 Det	 beror	 på	 att	 DNA	 översätts	 till	 olika	 RNA-
molekyler	 och	 proteiner.	 Proteinerna	 är	 cellens	 viktigaste	 byggstenar,	 de	
deltar	i	många	livsviktiga	funktioner.		
	
Flödet	 av	 information	 från	 DNA,	 till	 RNA,	 och	 vidare	 till	 protein	 kallas	 den	
Centrala	 dogmen	 inom	 molekylärbiologi	 och	 formulerades	 på	 1950-talet.	
Tänk	 dig	 cellen	 som	 en	 liten	 fabrik.	 Varje	 gång	 något	 ska	 byggas	 i	 fabriken	
hämtas	en	ritning	i	ett	bibliotek.	Detta	bibliotek	kan	liknas	vid	ditt	DNA.	Den	
specifika	 ritning	 som	 tas	 fram	 ur	 biblioteket	 är	 då	 ditt	 RNA,	 och	 själva	
produkten	som	sedan	tillverkas	utifrån	ritningen	är	ett	protein,	det	som	sedan	
kommer	 till	 användning.	 Den	 kompletta	 sammansättningen	 av	 RNA-
molekyler	i	en	cell	kallas	transkriptom.	Eftersom	transkriptomet	kan	variera	
mycket	over	tid,	och	under	olika	förhållanden	utgör	det	en	utmärkt	källa	till	
information	om	cellers	tillstånd.	Genom	att	studera	transkriptomet	kan	vi	 få	
ett	 indirekt	mått	 på	 vilka	 proteiner	 som	 finns	 närvarande	 och	 bättre	 förstå	
cellers	funktioner.		
	
För	att	 ta	 reda	på	hur	mycket	RNA	som	har	 skapats	 från	varje	gen	används	
RNA-sekvensering.	I	laboratorier	över	hela	världen	står	avancerade	maskiner	
och	 arbetar	 dygnet	 runt	 med	 att	 läsa	 av	 RNA-sekvenser.	 Den	 stora	
utmaningen	är	inte	längre	att	kunna	sekvensera	alla	RNA-molekyler	i	ett	enda	
experiment,	 utan	 snarare	 att	 kunna	 tolka	 den	 data	 som	 kommer	 ut	 ur	
maskinen	 på	 ett	 meningsfullt	 sätt.	 Data	 från	 RNA-sekvenseringsexperiment	
laddas	 ofta	 upp	 i	 publika	 databaser.	 På	 så	 vis	 främjas	 ett	 öppet	 klimat	 där	
forskare	kan	ge	och	ta	av	varandras	data.	För	att	detta	ska	fungera	så	bra	som	
möjligt	 är	det	 viktigt	 att	 vi	 kan	 lita	på	 innehållet	 i	 databaserna.	 I	 den	 första	
studien	 i	 denna	 avhandling	 undersökte	 vi	 pålitligheten	 hos	 publika	 dataset.	
Genom	att	 studera	publika	RNA-data	 från	olika	 studier	 kunde	 vi	 konstatera	
att	 dessa	 dataset	 var	 mer	 lika	 ett	 annat	 dataset	 med	 liknande	 biologiskt	
ursprung	 än	 ett	 annat	 dataset	 från	 samma	 laboratorium,	 men	 av	 annan	
biologisk	 härkomst.	 Resultaten	 visade	 att	 publika	 RNA-data	 är	 relativt	
tillförlitliga.	
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Nu	 kanske	 du	 undrar	 varför	 forskare	 är	 så	 intresserade	 av	 RNA	 när	 det	
faktiskt	 är	 proteinerna	 som	 är	 cellernas	 viktigaste	 och	 identitetsskapande 
molekyler.	Eftersom	RNA	är	 lättare	och	mindre	 tidskrävande	att	analysera	 i	
stor	 skala,	 jämfört	 med	 proteiner,	 är	 det	 smidigt	 att	 använda	 RNA	 som	 en	
indikator	för	hur	cellers	uttryck	av	protein	ser	ut.	Den	andra	studien	i	denna	
avhandling	handlar	om	relationen	mellan	RNA	och	proteiner.	Vi	kom	fram	till	
att	varje	gen	har	ett	bestämt	 förhållande	mellan	dess	koncentration	av	RNA	
och	protein,	som	är	konstant	i	olika	typer	av	celler	och	vävnader.		
I	avhandlingens	tredje	studie	lät	vi	oss	guidas	av	transkriptomet	för	att	hitta	
intressanta	proteiner	vars	roll	är	viktig	i	utveckling	av	cancer.	Här	studerade	
vi	transkriptomet	i	ett	modellsystem	bestående	celler	under	fyra	olika	steg	i	
cancerutveckling.	 På	 så	 sätt	 kunde	 vi	 identifiera	 gener	 med	 intressanta	
uttrycksprofiler	 under	 fyra	 stadier,	 från	 det	 normala	 tillståndet	 till	 ett	 fullt	
utvecklat	 och	 aggressivt	 cancertillstånd.	Med	 hjälp	 av	 antikroppar	 kunde	 vi	
sedan	analysera	motsvarande	proteiner,	och	detektera	förändringar	i	uttryck	
på	 en	 mycket	 detaljerad	 nivå.	 Vi	 identifierade	 ett	 flertal	 potentiellt	 viktiga	
markörer	 för	 cancerutveckling	 och	 validerade	 resultaten	 genom	 att	 studera	
samma	 proteiner	 i	 tumörprover.	 I	 den	 fjärde	 studien	 studerade	 vi	 hur	
transkriptomet	förändras	under	olika	grader	av	cancerutveckling	till	följd	av	
låg	 syretillförsel.	 	 Vi	 utsatte	 samma	 cancer-modell	 för	 odling	 i	 3	%	 syrehalt	
och	 identifierade	ett	antal	 intressanta	gener	vars	uttryck	påverkades	av	den	
förändrade	 syrenivån,	 till	 exempel	 gener	 involverade	 i	 celldelning	 och	
fettmetabolismen.	Den	här	avhandlingen	demonstrerar	hur	analyser	av	RNA	
kan	 användas	 som	 en	 vägvisare	 för	 att	 identifiera	 relevanta	 proteiner	 att	
fokusera	vidare	på.	För	att	öka	vår	förståelse	för	de	komplexa	processer	som	
pågår	i	cellens	universum,	behövs	fortsatta	studier	av	hur	proteiner	uttrycks,	
förändras	och	interagerar.	
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1.	The	human	cell		

	
Within	our	bodies	are	over	37	trillion	cells,	an	enormous	number	that	 is	 far	
beyond	the	number	of	stars	in	our	galaxy1,2.The	cell	is	often	described	as	the	
smallest	 living	 entity,	 the	basic	unit	 of	 all	 living	organisms	 that	harbors	 the	
most	 fundamental	 properties	 of	 life;	 that	 is	 to	 grow,	 reproduce,	 sense	 and	
respond	 to	 the	 environment,	 and	 to	 maintain	 a	 chemical	 composition	 that	
favors	its	persistence.		
	
The	structure	of	the	cell	was	first	described	in	the	17th	century	by	two	fellows	
of	the	Royal	Society,	Robert	Hooke	and	Antonie	van	Leeuwenhoek,	who	both	
developed	optical	instrumentation	to	study	microorganisms.	In	1665,	Robert	
Hooke	published	the	book	“Micrographia”	with	detailed	drawings	of	various	
matters	 based	 on	 his	 observations,	 using	 a	 first	 generation	 compound	
microscope.	 In	 this	 groundbreaking	 book	 the	 term	 “cell”	 was	 coined,	 as	 he	
described	the	units	of	a	slice	of	dead	cork	observed	under	his	lenses.	The	use	
of	 this	 word	 stems	 from	 the	 Latin	 word	 “cella”,	 meaning	 small	 room.	 The	
Dutch	 businessman	 and	 scientist	 Antonie	 van	 Leeuwenhoek	 perfected	 the	
making	of	 single	 lens	microscopes,	 enabling	him	 to	observe	bacteria,	 sperm	
cells	and	blood	cells3,4.	Although	Hooke	and	Leeuwenhoek	share	the	honor	of	
developing	 the	 first	 optical	 instrumentation	 required	 for	 the	 observation	 of	
cells,	 it	 took	almost	another	two	centuries	until	 the	current	view	of	a	cell	as	
the	 basic	 unit	 for	 a	 living	 organism	 emerged,	 the	 so	 called	 cell	 theory.	 This	
theory	was	officially	postulated	in	1838-1839	as	a	result	of	conclusions	made	
by	the	botanist	Matthias	Jacob	Schleiden	and	zoologist	Theodor	Schwann	4,5.		
	
The	 great	 fascination	 of	 the	 human	 cell	 has	 attracted	 substantial	 attention	
among	researchers	ever	since	it	was	first	discovered,	continuously	expanding	
the	understanding	of	the	cellular	 landscape	and	its	diversity.	Considering	its	
original	 notion	 as	 a	 small	 room,	 current	 knowledge	 rather	 supports	 a	 view,	
where	 opening	 the	 door	 to	 that	 small	 room	 will	 lead	 us	 to	 a	 bustling	
metropolis,	 harboring	millions	 of	molecules	 that	 interact	 and	 orchestrate	 a	
myriad	 of	 biological	 functions	 through	 complex	 networks.	 Cellular	 life	 is	 a	
balancing	 act.	 In	 order	 for	 this	 highly	 complex	 system	 to	 function,	 a	 high	
degree	of	regulation	and	control	is	required.	To	understand	cellular	function,	
and	 in	 particular	 in	 the	 context	 of	 health	 and	 disease,	 detailed	 knowledge	
about	the	cellular	system	is	needed,	from	a	holistic	point	of	view.		
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The	macromolecules	of	the	cell	
	

The	most	abundant	chemical	compound	found	within	cells	is	water,	taking	up	
over	70%	of	the	total	cell	mass.	The	rest	of	the	cell	volume	contains	inorganic	
ions	 and	 larger	 organic	 molecules.	 The	 organic	 molecules	 in	 the	 cell	 are	
generally	classified	into	lipids,	carbohydrates,	nucleic	acids	and	proteins.	The	
latter	 three	 are	 commonly	 referred	 to	 as	 the	 macromolecules	 of	 the	 cell.	
Macromolecules	are	 large	molecules	 (>	5kD)	 that	 are	 formed	by	 the	 joining	
(polymerization)	of	hundreds,	or	even	thousands,	of	smaller	precursors,	and	
occupy	about	80-90%	of	the	cells	dry	weight6.	

	
DNA,	or	deoxyribonucleic	acid,	is	the	basic	unit	of	genetic	material.	It	carries	
information	 encoded	 in	 sequences	 of	 nucleotides	 that	 are	 made	 of	 a	 five-
carbon	 sugar	 (deoxyribose),	 a	 phosphate	 group	 and	 one	 of	 the	 four	 bases	
adenine	(A),	cytosine	(C),	guanine	(G)	and	thymine	(T).	The	DNA	molecule	is	
formed	 by	 the	 joining	 of	 two	 strands	 that	 are	 held	 together	 by	 hydrogen	
bonding	between	the	bases	in	a	pairwise	manner,	where	A	always	binds	to	T,	
and	 C	 always	 binds	 to	 G.	 This	 double-strand	molecule	 is	 spatially	 arranged	
into	 a	 helix-like	 structure	 that	 provides	 the	 robustness	 needed	 for	 its	most	
prominent	function,	to	replicate	and	transfer	genetic	 information	during	cell	
division.	 The	 story	 of	 DNA	 began	 in	 the	 19th	 century	 when	 Gregor	 Mendel	
performed	groundbreaking	experiments	on	pea	plants	that	revealed	the	basic	
principles	 of	 hereditary	 transmission7.	 Around	 the	 same	 time,	 the	 Swiss	
scientist	 Friedrich	 Miescher	 was	 examining	 leukocytes,	 in	 which	 he	
discovered	 a	precipitate	 of	 unknown	 character	 in	 the	nuclei	 of	 the	 cells.	He	
concluded	 that	 this	 precipitate	 must	 be	 a	 “multi-based	 acid”	 and	 named	 it	
Nuclein8,9.	Although	these	early	findings	pioneered	the	research	on	DNA,	they	
are	 often	 overshadowed	 by	 the	 works	 of	 James	Watson	 and	 Francis	 Crick,	
who	almost	100	years	later	solved	the	structure	of	the	DNA	molecule,	which	
laid	the	ground	for	a	continuously	evolving	development	of	methodologies	to	
study	genetic	material10.	In	eukaryotic	cells,	most	DNA	is	present	in	the	nuclei	
but	 a	 small	 part	 is	 also	 found	 in	 mitochondria.	 Packed	 around	 protein	
complexes	 in	 the	 chromosomes,	 it	 coordinates	 the	 cellular	 distribution	 of	
other	 functional	molecules	 through	 the	 expression	 of	 genes.	 The	 term	 gene	
was	first	used	already	1909	when	the	work	of	Mendel	gained	new	attention;	it	
was	 then	 referred	 to	 as	 a	 “discrete	 unit	 of	 heredity”.	 The	 definition	 of	 this	
term	has	been	widely	debated	over	the	last	century,	along	with	new	advances	
in	the	field	of	genomics,	but	a	more	recent	definition	states	“a	gene	is	a	union	
of	 genomic	 sequences	 encoding	 a	 coherent	 set	 of	 potentially	 overlapping	
functional	products”11.	
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RNA,	 or	 ribonucleic	 acid,	 is	 the	 outcome	 of	 transcription,	 where	 regions	 of	
DNA	are	copied	into	complementary	RNA	molecules	called	transcripts.	RNA	is	
structurally	 related	 to	 DNA	with	 a	 few	 exceptions.	 Like	 the	 DNA	molecule,	
RNA	is	also	built	up	by	four	nucleotides,	but	with	the	major	differences	that	
its	five-carbon	sugar	is	ribose	and	that	it	contains	the	base	Uracil	(U)	instead	
of	 thymine	 (T).	 In	addition,	RNA	appears	 in	most	cases	as	a	 single	 stranded	
molecule	and	displays	a	lower	molecular	weight	than	DNA.	Elliot	Volkin	and	
Lawrence	 Astrachan	 discovered	 the	 RNA	 molecule	 in	 1956	 and	 soon	
thereafter,	 its	 intermediary	 role	 as	 a	 messenger	 between	 DNA	 and	 protein	
was	discovered	by	several	independent	researchers12-15.	It	was	long	believed	
that	 RNA	 most	 of	 all	 serves	 as	 a	 messenger	 bridging	 between	 DNA	 and	
protein,	 a	view	 that	has	gradually	 changed	with	 increased	understanding	of	
the	 repertoire	 of	 different	 RNA	 subtypes	 that	 carry	 out	 various	 biological	
functions.	Over	60%	of	the	cellular	genome	is	transcribed	into	RNA.	Out	of	the	
total	 RNA,	 85-90%	 constitutes	 ribosomal	 RNA,	 5%	 is	mRNA	 that	 codes	 for	
protein,	and	the	rest	is	other	non-coding	RNA	that	have	gotten	more	attention	
in	 recent	 years,	 proven	 to	 display	 important	 regulatory	 functions	 16-18.	 	 In	
higher	 eukaryotes,	 mRNA	 transcripts	 are	 processed	 into	 different	 isoforms	
via	 the	process	of	alternative	splicing.	Over	90%	of	all	protein-coding	genes	
containing	 multiple	 exons	 are	 subject	 to	 alternative	 splicing,	 thereby	
expanding	 both	 the	 cellular	 transcriptome	 and	 proteome	 tremendously,	
without	the	need	for	additional	genes17,19.		
	
Proteins	were	first	described	in	the	18th	century	by	researchers	working	with	
plants,	wheat	gluten	and	albumin	from	blood	and	egg	whites20,21.	The	Swedish	
chemist	Jöns	Jacob	Berzelius	is	acknowledged	for	coining	the	term	Protein,	by	
suggesting	the	usage	of	the	term	in	a	letter	to	his	fellow	scientist	Mulder	who	
then	used	the	term	in	a	publication	from	183822.	The	word	protein	is	of	Greek	
origin	 and	means	 “of	 primary	 importance”	 or	 “of	 the	 first	 rank”,	 a	 name	 it	
certainly	deserves	as	almost	all	processes	in	the	cell	 involve	the	activity	and	
interactions	of	proteins.	Compared	to	other	cellular	components,	proteins	are	
relatively	large	molecules,	formed	by	sequences	of	amino	acids	that	are	held	
together	 by	 peptide	 bonds.	 The	 sequence	 of	 amino	 acids	 is	 dictated	 by	 the	
sequence	 of	 the	 corresponding	 nucleotides	 that	 undergo	 translation,	 and	
human	cells	contain	genetic	recipes	for	20	different	amino	acids.	A	sequence	
of	amino	acids	 is	called	a	peptide.	These	arrange	 into	 functional	proteins	by	
folding	 into	 three-dimensional	 structures.	 After	 the	 process	 of	 translation,	
when	 proteins	 are	 formed,	 they	 often	 undergo	 further	modifications,	 called	
post-translational	 modifications	 (PTMs).	 PTMs	 are	 commonly	 mediated	 by	
enzymatic	 activity	 and	 have	 significant	 impact	 over	 the	 protein’s	 functional	
activity.	They	can	occur	at	any	time	during	a	protein’s	life	cycle	and	two	of	the	
most	common	PTMs	are	glycosylation	and	phosphorylation.		
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Compartmentalization	of	biological	processes	
 
In	 biology,	 compartmentalization	 of	 different	 functions	 is	 evident	 across	
several	 scales.	 The	 spatial	 partitioning	 of	 biological	 functions	 results	 in	 a	
hierarchy	 of	 specialized	 and	 robust	 systems,	 from	 individual	 organs	 in	 our	
bodies,	 to	 organelles	 within	 the	 single	 cell23.	 	 At	 the	 cellular	 level,	
compartmentalization	 is	 a	 fundamental	 property	 of	 the	 eukaryotic	 cell	 and	
manifests	 itself	 through	 the	 organization	 into	 cellular	 organelles.	 The	
molecular	 landscape	 of	 the	 cell	 is	 rich	 and	 complex.	 A	 cell	 is	 densely	
populated	by	millions	of	protein	molecules	that	 interact	 in	different	ways	to	
carry	 out	 designated	 functions.	 Organization	 into	 specialized	 membrane	
bound	 organelles	 enables	 independent	 molecular	 interactions	 to	 occur	
simultaneously,	without	crosstalk	and	under	optimal	chemical	conditions.	For	
example	 the	 processes	 of	 protein	 translation	 and	 degradation	 can	 occur	 in	
parallel24.	 Moving	 deeper	 into	 the	 hierarchy	 of	 biological	
compartmentalization,	 even	 organelles	 are	 subjected	 to	 sub-
compartmentalization	 into	 more	 refined	 structures,	 for	 example	 different	
bodies	and	speckles	found	within	the	nucleus.	Compartmentalization	has	also	
been	 proposed	 as	 a	 cellular	 strategy	 for	 passive	 noise	 filtering,	 by	 enabling	
molecular	processes	to	occur	in	separate	compartments	from	which	noise,	in	
terms	of	irrelevant	molecules,	are	prevented	to	enter25.	
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Figure	 1.	 A	 schematic	 illustration	 of	 the	 human	 cell	 and	
selected	 subcellular	 compartments.	 Illustrated	 by	 Annica	
Åberg.	
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The	central	dogma	of	molecular	biology	
 
One	of	the	keystones	of	science	in	general	is	the	Central	Dogma	of	Molecular	
biology;	 a	 schematic	 description	 of	 how	 genetic	 information	 is	 carried	 over	
between	molecules,	 from	DNA	 to	RNA	 in	 a	 process	 called	 transcription	 and	
from	RNA	 to	protein	 in	a	process	called	 translation.	The	central	dogma	was	
first	 elaborated	 by	 Francis	 Crick	 in	 1956	 and	 soon	 thereafter	 published	 as	
part	 of	 a	 Society	 for	 Experimental	 Biology	 symposium	 in	 195826,27.	
Subsequent	 research	 on	 RNA	 cancer	 viruses	 led	 to	 the	 discovery	 of	 RNA	
reverse	 transcriptase	 that	 enables	 synthesis	 of	 DNA	 from	 RNA28,29.	 These	
findings	lead	some	researchers	to	question	the	accuracy	of	the	central	dogma,	
which	was	soon	thereafter	commented	by	Crick	in	an	attempt	to	eradicate	the	
widespread	 misconceptions30,31.	 The	 Central	 Dogma	 is	 still	 often	
misunderstood.	 In	 its	 original	 form,	 the	 Central	 Dogma	 states,	 “Once	
information	 has	 passed	 into	 protein,	 it	 cannot	 get	 out	 again”,	 a	 take-home	
message	that,	when	properly	understood,	still	holds.	
	

	
Figure	2.	The	central	dogma	of	molecular	biology. 

 
 
 

Evolution	and	cancer	
	
A	 fundamental	 theory	 of	 biology	 is	 evolution,	 the	 explanation	 for	 a	 set	 of	
observations	 that	 was	 published	 by	 Charles	 Darwin	 in	 his	 groundbreaking	
book	On	the	Origin	of	Species	in	185932.	Simply	put,	the	evolution	theory	states	
that	 gradual	 changes	 continuously	 occur	 in	 the	 genetic	 composition	 of	
organisms,	driven	by	a	natural	selection	for	advantageous	characteristics	and	
increased	 reproduction.	 Evolution	 is	 typically	 thought	 of	 as	 something	 that	
acts	on	whole	populations	over	long	stretches	of	time.	However,	evolutionary	
processes	 are	 also	 evident	 within	 individual	 bodies,	 exemplified	 by	 the	
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process	 of	 malignant	 transformation	 when	 a	 single	 cell	 acquires	 cancerous	
mutations	 that	 are	 passed	 on	 through	 replication.	 This	 can	 be	 considered	 a	
type	of	microevolution	acting	within	the	lifetime	of	an	individual,	by	selection	
acting	 on	 cancerous	 mutations	 that	 provide	 growth	 advantages.	 The	
microcosms	of	evolution	that	we	call	cancers	have	proven	to	have	extremely	
harmful	 impact	 on	 modern	 society.	 According	 to	 the	 World	 Health	
Organization,	cancer	is	among	the	leading	causes	of	death	worldwide	and	the	
annual	incidence	is	expected	to	rise	from	14	million	to	over	20	million	cases	
within	the	next	two	decades33.	Cancer	is	a	broad	diagnosis	consisting	of	more	
than	 200	 different	 cancer	 types,	 each	 affecting	 a	 certain	 cell	 type	 and	
pathway.			
	

Cell	lines	
	
The	 fact	 that	 the	majority	of	 all	 living	human	 cells	 are	 embedded	 in	 tissues	
makes	them	difficult	to	attain	for	experimental	purposes.	The	study	of	living	
cells	therefore	requires	systems	where	cells	can	be	directly	accessed	and	kept	
under	controlled	conditions.	A	popular	approach	is	the	use	of	cell	lines;	those	
are	cells	suitable	for	cultivation	in	vitro	that	serve	as	model	systems	for	their	
cell	 type	 or	 tissue	 of	 origin.	 Cell	 lines	 are	 often	 derived	 from	 tumor	 tissue	
where	 they	 have	 already	 acquired	 the	 ability	 to	 replicate	 for	 an	 unlimited	
number	 of	 cycles.	 Cell	 lines	 can	 also	 be	 of	 primary	 origin	 with	 a	 limited	
lifespan,	or	of	primary	origin	but	 further	 immortalized	by	 the	expression	of	
telomerase34.	 The	 use	 of	 cell	 lines	 has	 several	 advantages,	 for	 example	 the	
possibility	 to	 obtain	 almost	 unlimited	 amount	 of	 sample	 material,	 which	
enables	 users	 to	 try	 out	 and	 optimize	 different	 experimental	 approaches	
without	wasting	precious	samples.	Cell	lines	also	provide	consistent	samples	
of	a	pure	population,	which	can	be	used	to	reproduce	results	across	different	
laboratories.	 In	addition,	 cell	 lines	are	 relatively	 cheap	and	can	be	stored	 in	
freezers	 for	 long	 periods	 of	 time.	 Even	 though	 cell	 lines	 are	 tremendously	
useful,	they	can	only	serve	to	approximate	the	characteristics	of	cells	present	
within	 the	 more	 complex	 in	 vivo	 environment.	 Long-term	 use	 of	 cell	 lines	
bears	the	risk	of	genotypic	drift	that	make	the	cells	diverge	genetically	from	
their	original	source,	by	undergoing	selection	for	cells	with	increased	capacity	
to	proliferate	under	the	given	circumstances35,36.	The	first	human	cell	line	was	
established	in	1951	from	cervical	cancer	cells	and	named	HeLa	after	its	donor	
Henrietta	Lacks.	What	Henrietta	Lacks	never	knew	was	that	over	20	tons	of	
her	cells	were	to	be	cultivated	in	worldwide	laboratories	after	her	death.	The	
story	of	Henrietta	Lacks,	the	HeLa	cell	line	and	its	surrounding	ethical	issues	
are	 discussed	 in	 the	 book	 “The	 immortal	 life	 of	 Henrietta	 Lacks”	 that	 was	
published	in	201037.	



	 7	

	

Malignant	transformation	
	
Malignant	 transformation	 refers	 to	 the	 process	when	 primary	 cells	 become	
cancerous.	 This	 process	 involves	 changes	 in	 the	 genome	 that	 lead	 to	
disruption	of	 regulatory	 circuits	 that	 together	 result	 in	 acquirement	 of	 new	
cellular	 characteristics.	 Malignant	 transformation	 is	 a	 complex	 molecular	
process.	 Despite	 an	 almost	 incalculable	 body	 of	 literature,	 a	 complete	
mechanistic	understanding	of	this	process	still	remains	elusive.		
	 	
In	 the	 year	 2000	 a	 review	 paper	 entitled	 The	 Hallmarks	 of	 Cancer	 was	
published38.	In	this	paper,	the	authors	aimed	to	identify	the	common	features	
and	disrupted	pathways	that	are	required	to	reach	a	cancerous	phenotype.	By	
reviewing	the	latter	half	of	the	20th	century’s	literature,	detailed	information	
about	malignant	 transformation	was	compiled	 into	one	organizing	principle	
for	its	underlying	biology.	In	the	original	version	of	this	paper,	the	hallmarks	
of	 cancer	 encompassed	 six	 essential	 cellular	 alterations	 that	 collectively	
dictate	malignant	 transformation;	Sustaining	proliferative	signaling,	Evading	
growth	 suppressors,	 Resisting	 cell	 death,	 Enabling	 replicative	 immortality,	
Inducing	angiogenesis	and	Activating	invasion	and	metastasis.		
	
Ten	 years	 after	 the	 Hallmarks	 of	 Cancer	 first	 came	 out,	 its	 sequel	 “The	
Hallmarks	 of	 Cancer:	 Next	 Generation”	 was	 published39.	 This	 time,	 the	
concept	 was	 complemented	 with	 two	 emerging	 hallmarks,	 Reprogramming	
energy	 metabolism	 and	 Evading	 Immune	 destruction.	 In	 addition,	 two	
enabling	 characteristics	 were	 defined;	 Tumor-promoting	 inflammation	 and	
Genome	 instability	 and	 mutation,	 and	 the	 paper	 also	 covered	 discussion	
about	the	role	of	the	surrounding	tumor	microenvironment.	The	generalized	
concept	for	the	molecular	biology	behind	malignant	transformation	provided	
by	these	two	papers	has	heavily	dominated	the	field	of	cancer	research	ever	
since.	

	

	

	

	

	
	

Figure	3.	The	six	original	Hallmarks	of	cancer.	Figure	adapted	from	Hanahan	et	al.38	
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The	BJ	model	 	
	
Malignant	 transformation	 is	 a	 multistep	 process.	 To	 reveal	 the	 underlying	
mechanisms	behind	 this	 complex	 progression,	 a	model	 system	enabling	 the	
study	 of	 defined	 steps	 of	 transformation	 is	 advantageous.	 Traditionally,	
primary	murine	cells	have	been	genetically	modified	to	undergo	tumorigenic	
conversion	and	serve	as	models	 for	malignant	 transformation.	Compared	 to	
murine	 cells,	 human	 cells	 are	more	 challenging	 to	 transform,	mainly	due	 to	
differences	 in	 telomere	biology.	 In	 contrast	 to	murine	 cells,	 human	primary	
cells	 progressively	 lose	 telomeric	 DNA	 when	 passaged	 in	 vitro	 cultivation,	
leading	to	cellular	senescence	that	 is	characterized	by	a	drastic	proliferation	
decline.	Several	attempts	to	transform	human	cells	have	pointed	to	the	lack	of	
telomerase	expression	as	a	significant	barrier	 to	reach	malignancy.	 In	1999,	
Weinberg	and	co-workers	created	a	model	system	consisting	of	 four	human	
fibroblast	 cell	 lines	 by	 stepwise	 additions	 of	 genetic	 alterations.	 Following	
initial	expression	of	the	catalytic	subunit	of	telomerase	reverse	transcriptase	
(hTERT)	 in	 primary	 cells,	 the	 cells	 were	 further	 transformed	 by	 sequential	
introduction	of	the	Simian	Virus	40	(SV40)	Large-T	oncogene	and	oncogenic	
H-Ras.	With	 this	 combination	 of	 genetic	 alterations,	 the	 cells	 gained	 a	 fully	
transformed	phenotype,	which	was	 also	 confirmed	 in	vivo.	 By	 expression	of	
hTERT,	 cells	 become	 immortal	 and	 are	 able	 to	 replicate	 for	 an	 indefinite	
number	 of	 cycles40.	 The	 second	 alteration	 introduced	 in	 this	 model	 is	 the	
Large-T	 antigen,	 expressed	 by	 the	 SV40	 virus.	 Large-T	 contributes	 to	 the	
transformation	of	cells	by	inactivation	of	the	well-studied	tumor	suppressors	
p53	 and	Rb41.	 The	 final	 alteration	 in	 this	model	 system	 is	 introduction	 of	 a	
mutated	version	of	H-ras	(G12V)	having	one	Glycine	exchanged	to	Valine	that	
makes	this	GTPase	kept	constantly	in	its	active	form.	Ever	since	the	creation	
of	 the	 BJ	 model	 for	 malignant	 transformation,	 the	 same	 combination	 of	
hTERT,	 Large-T	 and	 oncogenic	 H-Ras	 has	 been	 used	 by	 numerous	 other	
researchers	and	proved	to	successfully	transform	a	variety	of	primary	human	
cell	types42-46.	
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2.	The	human	transcriptome		

The	word	 transcriptome	 refers	 to	 the	 full	 set	 of	 transcribed	RNA	molecules	
within	 a	 cell,	 tissue	 or	 organism	 at	 a	 given	 time	 point,	 but	 it	 can	 also	 be	
assigned	to	the	full	set	of	transcripts	belonging	to	a	specific	sub-population	of	
RNA,	 for	 example	 protein	 coding	 mRNA,	 regulatory	 RNA,	 ribosomal	 RNA,	
small	RNA	or	tRNA.	 In	contrast	 to	 the	genome,	which	 is	characterized	by	 its	
stability	 over	 different	 cells	 within	 an	 organism,	 the	 transcriptome	 varies	
greatly	and	displays	a	high	degree	of	sensitivity	to	both	internal	changes	such	
as	developmental	 stage	and	circadian	rhythm,	and	external	 changes	such	as	
stress	 and	 changes	 in	 the	 environment.	 The	 plastic	 nature	 of	 the	
transcriptome	has	made	it	appealing	to	study	in	the	context	of	disease,	owing	
to	its	potential	to	serve	as	a	proxy	for	cellular	identity	and	diversity.		

	
An	 apparent	 strategy	 to	 reveal	 the	 active	 parts	 of	 the	 genome	 is	 to	 explore	
what	 genes	 are	 transcribed,	 to	 what	 quantity,	 and	 how	 the	 levels	 of	 RNA	
transcripts	vary	between	different	populations,	over	time	and	over	different	
physiological	conditions.	In	the	past,	the	study	of	transcriptomes	was	mainly	
performed	 using	 hybridization-based	 methods	 where	 RNA	 samples	 were	
added	 to	 pre-designed	 cDNA	 probes	 for	 complementary	 hybridization.	 A	
major	 limit	 with	 these	 methods	 is	 dependence	 on	 an	 annotated	 genome,	
problems	with	high	background	signals	due	to	cross-hybridization,	a	 limited	
dynamic	 range	 due	 to	 oversaturation	 of	 signals	 and	 complicated	
normalization	methods47.	 Owing	 to	 a	 successful	 era	 of	 development	 within	
the	field	of	sequencing	technology,	High-Throughput	Sequencing	(HTS)	based	
approaches	to	the	analysis	of	the	transcriptome	emerged	in	the	1990´s.	These	
are	most	commonly	used	today.	The	essence	of	RNA	sequencing	(RNA-seq)	is	
to	 count	 reads	 generated	 from	 different	 regions	 in	 the	 genome	 in	 order	 to	
reveal	 the	 transcriptional	 abundance	 of	 each	 and	 every	 analyzed	 genomic	
region.		
	

RNA	sequencing	
	
Mining	the	 literature,	 the	 term	RNA	sequencing	appears	 for	 the	 first	 time	 in	
2008	in	two,	to	date,	well	cited	papers48,49.	However,	without	using	the	term	
RNA	 sequencing,	 its	 underlying	 concept	had	 already	been	published	before,	
for	example	sequencing	of	expressed	sequence	tags	(EST)	that	was	a	popular	
approach	 to	 analyze	 transcripts	 by	 sequencing	 of	 cDNA50.	 In	 these	 early	
innovative	papers,	researchers	were	capable	of	anticipating	sequencing	based	
approaches	to	subsequently	replace	the	previous	methods	as	state	of	the	art	
technology	 for	 the	 study	 of	 transcriptomes51-54.	 Today,	 sequencing	
experiments	 are	 often	 employed	 at	 specialized	 service	 facilities,	 like	 the	
National	 Genomics	 Infrastructure	 at	 SciLifeLab	 in	 Stockholm.	 In	 this	 way,	
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researchers	can	get	access	to	a	competitive	infrastructure	equipped	with	the	
latest	technology,	accompanied	with	technical	support	by	trained	specialists.	
	
The	 standard	workflow	 of	 an	 RNA-seq	 experiment	 can	 be	 divided	 into	 two	
parts,	 first	 a	 laboratory	 part	 covering	 RNA	 extraction,	 enrichment,	 library	
preparation	and	the	actual	sequencing.	The	second	part	is	the	bioinformatics	
part	 which	 depends	 on	 computers	 to	 process,	 analyze	 and	 interpret	 the	
output	from	the	sequencing	machine.	This	typically	includes	quality	controls,	
identification	of	origin	within	a	reference	genome	(or	assembly	into	contigs),	
quantification	 of	 transcript	 abundance	 and	 often	 analysis	 of	 differential	
expression	across	different	conditions.	De	novo	transcriptome	assembly	is	an	
important	procedure,	especially	in	the	analysis	of	organisms	for	which	there	
is	a	 lack	of	reference	genome	annotation,	however	 it	 is	beyond	the	 frame	of	
this	thesis.		
	 	
The	most	commonly	used	commercial	platforms	for	RNA-seq	are	based	on	the	
conversion	of	RNA	into	complementary	cDNA,	through	reverse	transcription	
before	 sequencing	 takes	 place.	 The	 major	 reason	 for	 introducing	 this	
additional	 step,	 instead	of	performing	direct	 sequencing	of	RNA,	 is	 to	 retain	
stability	 of	 the	molecules	 undergoing	 sequencing.	 RNases,	 i.e.	 enzymes	 that	
degrade	 RNA,	 are	 ubiquitous	 in	 nature,	 which	 makes	 RNA	 highly	 unstable	
outside	 the	 intracellular	 environment.	 In	 addition,	 DNases	 are	 easier	 to	
inactivate	 compared	 to	 RNases,	 Polymerase	 Chain	 Reaction	 (PCR)	
amplification	is	more	suitable	for	DNA	than	RNA,	and	RNA-seq	heavily	rely	on	
HTS	protocols	that	were	initially	developed	for	DNA	sequencing.	Despite	this	
trend,	 several	 recent	 studies	 claim	 direct	 sequencing	 of	 RNA	 to	 be	 more	
suitable	and	efficient55.	
	

RNA	 extraction,	 enrichment,	 library	 preparation	 and	
sequencing	
 
The	 initial	 step	 of	 the	 RNA-seq	 experiment	 is	 to	 extract	 RNA	 from	 cells,	
whether	 the	 biological	 sample	 being	 analyzed	 is	 a	 tissue	 sample	 or	 a	 pellet	
derived	 from	 in	vitro	cultivation.	As	 the	majority	of	 total	RNA	within	cells	 is	
ribosomal	rRNA,	that	is	most	often	considered	uninformative,	the	next	step	is	
to	 enrich	 for	 the	RNA	 subpopulation	 of	 interest.	 For	 studies	 of	 the	 protein-
coding	parts	of	the	genome,	mRNA	is	typically	enriched	by	taking	advantage	
of	the	polyadenylated	(poly-A)	tags	at	the	3’	end	that	can	be	captured	by	the	
addition	 of	 poly-T	 oligomers.	 An	 alternative	 method	 is	 to	 use	 a	 negative	
enrichment	 approach,	 where	 rRNA	 is	 instead	 depleted	 using	 rRNA-specific	
probes,	however	that	will	leave	more	than	just	mRNA	left	in	the	sample.	After	
purification	 of	 the	 desired	 type	 of	 RNA,	 purity	 and	 intactness	 are	 usually	
measured.	This	is	typically	performed	with	an	electrophoresis-based	method 
where	 the	 length	 distribution	 of	 the	 RNA	 transcripts	 is	 compared	 to	 the	
ribosomal	 complexes,	 resulting	 in	 a	 calculated	 RNA	 Integrity	 Number	 (RIN	
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value)	 where	 1	 represents	 complete	 degradation	 and	 10	 represents	 pure	
intactness56.	 When	 RNA	 samples	 of	 desired	 concentration	 and	 quality	 are	
ready,	it	is	time	to	build	a	sequencing	library,	which	is	the	collection	of	cDNA	
molecules	that	are	to	be	sequenced.		
	
Building	a	sequencing	library	conventionally	starts	with	fragmentation	of	the	
RNA	 into	 appropriate	 size	prior	 to	 cDNA	synthesis.	To	ensure	 that	 the	RNA	
fragments	 are	 intact	 without	 overhangs,	 end-repair	 is	 usually	 performed.	
Reverse	 transcriptase	 and	 random	oligo	 (dNTPs)	primers	 are	 first	 added	 to	
build	 an	 initial	 single-stranded	 cDNA	 library	 (first	 strand	 synthesis)	 that	 is	
further	 converted	 into	 double-stranded	 cDNA	 by	 the	 addition	 of	 DNA	
polymerase.	 To	 enable	 parallel	 sequencing	 of	 more	 than	 just	 one	 sample	
without	 the	 loss	 of	 information	 about	 sample	 origin,	 indexing	 primers	 are	
added	 to	 the	ends	of	 the	cDNA.	Before	amplification	with	PCR,	adaptors	are	
also	added	to	enable	hybridization	to	surface-bound	primers	on	the	flow	cells	
where	amplification	takes	place	(Figure	4).		After	library	preparation	it	is	time	
for	 the	 real	 showpiece	 of	 the	 experiment,	 the	 actual	 sequencing	 when	 the	
order	of	the	bases	are	determined.	As	the	work	covered	in	this	thesis	did	not	
involve	any	laboratory	work	related	to	the	process	of	RNA-seq,	except	for	the	
preparation	of	RNA	samples	and	measurements	of	intactness,	more	in-depth	
content	covering	aspects	of	the	actual	sequencing	experiment	is	therefore	left	
out	and	focus	is	directed	to	the	post-sequencing	part	of	the	analyses,	covered	
in	the	next	section.	
	

	
	
Figure	4.	The	basic	workflow	of	RNA-seq	mRNA	library	preparation.	mRNA	is	 first	
isolated,	 followed	 by	 fragmentation,	 addition	 of	 primers,	 first	 strand	 synthesis,	
second	strand	synthesis,	adaptor	ligation	and	PCR	amplification.	
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Mapping	and	quantifying	transcriptomes	
	
The	bioinformatics	part	of	the	RNA-seq	experiment	begins	at	the	level	of	raw	
sequence	 data	 in	 the	 form	 of	 a	 FASTQ	 file.	 The	 FASTQ	 file	 contains	
information	 for	 all	 sequenced	 reads	 organized	 into	 sections	 covering	 a	
sequence	 identifier,	 the	nucleotide	sequence,	a	quality	score	 identifier	and	a	
quality	 score	 assigned	 to	 each	 base.	With	 the	 FASTQ	 file	 in	 hand,	 an	 initial	
step	is	typically	to	take	advantage	of	the	quality	scores	to	interpret	the	overall	
quality	of	the	sequence	run,	followed	by	filtering	to	remove	low	quality	reads.	
In	the	next	phase	of	the	analysis,	reads	are	aligned	to	a	reference	genome	in	
order	 to	 identify	 their	 origin	 of	 transcription.	 Reference	 genomes	 are	
commonly	stored	 in	a	 text-based	 file	 format	called	FASTA	and	can	easily	be	
downloaded	 online	 from	 the	 ENSEMBL	 consortium	 or	 the	 UCSC	 genome	
browser57,58.	Since	the	beginning	of	the	RNA-seq	era,	a	widely	used	program	
for	alignment	of	RNA-seq	reads	has	been	TopHat,	which	is	part	of	an	RNA-seq	
pipeline	 named	 Tuxedo	 that	 offers	 a	 collection	 of	 open-source	 tools	 for	
comprehensive	RNA-seq	data	analysis59.	TopHat	makes	use	of	the	short	read	
aligner	 Bowtie,	 initially	 developed	 for	 alignment	 of	 DNA	 sequences,	 which	
first	 indexes	 the	 reference	 genome	 before	 aligning	 the	 reads60.	 After	 initial	
alignment	using	Bowtie,	Tophat	chops	all	unmapped	reads	into	smaller	pieces	
that	 are	 realigned	 using	 the	 same	 principle.	 At	 present	 TopHat	 is	 largely	
superseded	 by	 the	 faster	 and	 more	 recently	 released	 program	 HISAT2,	
developed	by	the	same	authors61.	Another	popular	tool	for	alignment	of	RNA-
seq	 reads	 is	 Star,	 which	 uses	 a	 fundamentally	 different	 approach62.	 Due	 to	
time-efficient	alignment	that	requires	less	resource	in	terms	of	data	clusters,	
HISAT2	 and	 Star	 have	 gained	 wide	 popularity	 in	 the	 RNA-seq	 community.	
Read	alignment	 generates	output	 in	 the	 form	of	 a	 Sequence	Alignment	Map	
(SAM)	 file	 which	 contains	 relevant	 information	 about	 the	 alignments	 in	 a	
TAB-delimited	 text	 format.	 As	 SAM	 files	 are	 relatively	 large,	 they	 are	 often	
compressed	into	a	binary	format	called	BAM	that	requires	less	space.	
	
	
As	stated	earlier,	the	ultimate	goal	of	RNA-seq	is	to	quantify	expression	levels	
by	counting	the	number	of	sequenced	reads	that	map	back	to	a	defined	region	
of	 interest,	 and	 report	 this	 in	 terms	 that	 are	 as	 closely	 proportional	 to	 the	
relative	 molar	 RNA	 concentrations	 as	 possible.	 To	 perform	 relative	 RNA	
abundance	estimation,	at	least	two	factors	must	be	considered	and	corrected	
for.	First,	the	sequencing	depth,	that	is	the	total	number	of	reads	in	a	sample	
that	are	mapped	to	any	region	within	the	genome.	The	longer	the	sequencing	
process	 continues,	 the	more	 reads	will	 be	 generated	 resulting	 in	 increased	
read	counts.	Secondly,	read	counts	are	biased	by	the	length	of	the	transcripts.	
As	 longer	 transcripts	 produce	 more	 reads,	 they	 display	 an	 increased	
probability	 of	 having	 reads	mapping	 back	 to	 them.	One	 of	 the	 simplest	 and	
most	widely	used	normalization	strategies,	 introduced	early	 in	 the	RNA-seq	
era	is	the	FPKM	unit,	which	stands	for	“Fragments	per	Kilo	base	of	transcript	
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per	million	reads	mapped”.	If	you	sequence	one	million	fragments,	the	FPKM	
value	for	a	certain	feature	is	the	expected	number	of	fragments	identified	per	
thousand	 bases	 in	 that	 feature.	 Another	 popular	 normalization	 approach,	
suggested	 to	 eliminate	 bias	 inherited	 in	 the	 FPKM	 measure,	 is	 to	 report	
relative	RNA	abundance	in	Transcripts	Per	Million	(TPM)63.	The	TPM	unit	 is	
similar	to	FPKM	in	the	sense	that	it	also	normalizes	for	target	length	and	read	
depth.	 The	 major	 difference	 between	 these	 normalization	 methods	 is	 that	
TPM	provides	a	measurement	of	the	proportion	of	transcripts	associated	to	a	
certain	feature	in	the	pool	of	RNA.		Since	TPM	normalizes	for	the	difference	in	
transcript	composition	by	simply	providing	a	fraction	of	the	total	expression,	
it	is	suggested	to	be	better	suitable	for	comparison	across	samples,	as	the	sum	
of	all	TPM	values	will	be	the	same	across	samples64.	FPKM	values	can	easily	
be	converted	to	TPM	through	simple	calculations,	and	vice	versa65.	
	
FPKM	 and	 TPM	 values	 are	 widely	 used	 as	 relative	 measurements	 for	 RNA	
abundance.	 However,	 comparisons	 of	 FPKM	 or	 TPM	 values	 for	 the	 same	
transcript	or	gene	across	different	samples	are	problematic.	This	stems	from	
the	fact	that	the	read	depth,	which	both	these	normalization	methods	account	
for,	 is	 dependent	 on	 the	 sample’s	 overall	 read	 composition.	 Imagine	 a	
transcript	X	that	is	present	at	equal	amounts	in	two	samples	A	and	B.		Given	
that	all	other	transcripts	are	equally	abundant,	if	another	transcript	Y	is	twice	
as	abundant	in	sample	A	compared	to	B,	sample	A	will	contain	more	reads	in	
total.	The	FPKM	or	TPM	value	for	transcript	X	will	therefore	be	less	in	sample	
A,	compared	to	sample	B.		
	
In	 2013-2014,	 a	 new	 and	 fundamentally	 different	 concept	 for	 abundance	
estimation	 of	 sequence	 reads	 emerged.	 This	 concept	 challenged	 the	 widely	
accepted	idea	that	precise	reference-guided	alignments	(at	least	as	previously	
interpreted)	are	necessary	 for	quantification	of	RNA-seq	reads.	The	concept	
of	 a	 read-alignment	 was	 now	 redefined	 to	 only	 include	 information	 about	
which	target	sequence	a	read	originates	 from,	without	 further	specifications	
of	exact	position	on	the	base	level.	This	new	concept	was	named	“lightweight	
mapping”	 and	 first	 brought	 about	 in	 the	 program	 Sailfish	 that	 was	 further	
developed	into	Salmon66.	Similar	ideas	on	alignment-free	quantification	have	
also	been	explored	by	others,	 for	example	 “quasi-mapping”	used	 in	RapMap	
and	“pseudo-alignment"	used	in	Kallisto67.	In	Kallisto,	claimed	by	its	creators	
to	 be	 “near	 optimal	 in	 speed	 and	 accuracy”,	 a	 new	method	 for	 rapid	 string	
matching	was	 also	 introduced,	 by	 indexing	 the	 reference	genome	with	 a	De	
Brujin	 Graph	 to	 which	 k-mers	 are	 matched.	 Several	 programs	 have	 been	
developed	 that	 perform	 counting	 of	 reads	 per	 feature,	 for	 example	
featureCounts	 and	 HTSeq-count68,69.	 Read	 count	 values	 generated	 by	 such	
programs	can	be	used	as	input	in	several	programs	for	analysis	of	differential	
expression,	covered	in	the	next	section.		
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Differential	gene	expression		
 
RNA-seq	experiments	 typically	aim	to	reveal	changes	 in	gene	expression,	by	
measuring	 the	 relative	 transcriptional	 abundance	 across	 biologically	
interesting	 conditions.	While	normalized	expression	 levels	 such	as	FPKM	or	
TPM	values	are	intended	to	report	relative	abundance	within	samples,	more	
sophisticated	statistical	methods	are	generally	needed	for	comparisons	across	
samples.	 In	 such	analyses,	 statistical	 testing	 is	performed	 to	 reveal	whether	
an	observed	difference	 in	RNA	abundance	 is	significant,	 that	 is,	greater	than	
one	would	expect	due	to	just	natural	technical	and	biological	variation.		
	
Numerous	 tools	 have	 been	 developed	 for	 the	 analysis	 of	 differential	
expression.	 These	 tools	 typically	 make	 assumptions	 about	 the	 underlying	
distribution	of	read	counts,	which	are	then	used	to	model	the	data	in	order	to	
test	 for	differential	 expression.	As	RNA-seq	 read	counts	are	positive	 integer	
values,	the	normal	distribution	is	not	applicable.	The	Poisson	distribution	has	
previously	been	proposed	as	a	reasonable	model	for	RNA-seq	data,	however	
as	a	single	parameter	distribution	where	the	mean	is	equal	to	the	variance,	it	
has	 been	 shown	 to	 be	 too	 restrictive,	 predicting	 a	 smaller	 variation	 than	 is	
actually	 present	 due	 to	 biological	 variation.	 The	 negative	 binominal	
distribution,	 first	 used	 in	 the	 program	 edgeR,	 is	 the	 most	 widely	 used	
distribution	 today,	 as	 it	 allows	 for	 greater	 variability	 between	 biological	
replicates	than	the	Poisson	distribution	can	account	for.	
	
In	the	contemporary	field	of	RNA-seq,	two	different	traditions	have	evolved	in	
parallel	 and	 no	 consensus	 seems	 to	 be	 reached	 regarding	 whether	 RNA	
abundance	estimation	and	differential	expression	analysis	should	be	pursued	
at	the	level	of	isoforms	or	at	the	level	of	genes.	On	one	side	are	developers	and	
dedicated	users	of	programs	such	as	edgeR	and	DESEq.	These	are	programs	
that	 operate	 on	 the	 gene	 level	 and	use	 raw	 read	 counts	 as	 input.	 Assuming	
that	technical	replicates	are	unnecessary	as	they	reveal	a	Poisson	distribution,	
they	 focus	 their	algorithms	on	modeling	 the	biological	variability.	The	other	
school	of	thought,	mainly	fronted	by	the	professor	and	scientific	blogger	Lior	
Pachter,	 claims	 that	 abundance	 estimation	 and	 analysis	 of	 differential	
expression	rather	should	be	performed	at	the	resolution	of	isoforms,	realized	
in	programs	such	as	Cuffdiff2,	Salmon,	Sailfish,	RSEM,	Kallisto	and	sleuth70-74.	
To	bridge	the	gap	between	these	two	schools,	a	program	called	tximport	was	
recently	 released.	As	default,	 tximport	 imports	abundance	estimates,	 counts	
and	 feature	 lengths	on	 transcript-level	 and	outputs	 corresponding	variables	
on	the	gene	level75.		
	 	
In	 the	 work	 covered	 by	 this	 thesis,	 the	 tools	 DESeq	 and	 EdgeR	 have	 been	
used76-78.	 The	 output	 from	 these	 programs	 consists	 of	 a	 table	 with	 results	
from	the	statistical	testing	assigned	to	each	gene	product	analyzed.	The	final	
step	is	to	apply	a	cutoff	 for	the	p-value,	after	multiple	testing	corrections,	 to	
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obtain	 a	 list	 of	 genes	 or	 transcripts	 that	 are	 significantly	 differentially	
expressed.	A	cutoff	for	Fold	Change	is	commonly	also	applied.	

	

Challenges	and	considerations	
	
The	 RNA-seq	 experiment	 is	 a	 multi-step	 process	 that	 involves	 several	
laboratory	 steps	 where	 bias	 can	 be	 introduced,	 such	 as	 extraction,	
fragmentation,	 amplification	 and	 sequencing.	 The	 fact	 that	 RNA-seq	
experiments	often	are	carried	out	at	specialized	facilities	serves	to	minimize	
these	problems.	With	consistent	handling	of	samples	through	development	of	
Standard	 Operating	 Procedures	 (SOPs),	 data	 quality	 can	 be	 optimized.	
Sequencing	facilities	commonly	consult	their	customers	in	choosing	the	best	
suitable	 methods	 and	 reagents,	 and	 make	 sure	 that	 samples	 are	 of	 proper	
quality	and	quantity	before	 the	sequencing	experiment	starts.	As	previously	
described,	 RNA	 is	 sensitive	 to	 degradation	 and	 for	 RNA-seq	 purposes,	 it	 is	
important	 to	 retain	 a	 clean	 working	 environment	 where	 the	 risk	 of	
degradation	is	minimized.	When	RNA-seq	is	employed	on	mRNA	derived	from	
millions	 of	 cells	 in	 a	 sample,	 the	 output	 data	 is	 limited	 to	 the	 estimation	 of	
mean	 behaviors.	 Cell-to-cell	 variation	 due	 to	 differences	 in	 cell	 cycle	 stage,	
differentiation	or	any	other	variation	will	be	averaged	out	and	it	is	impossible	
to	 resolve	 the	 intra-population	 distribution	 of	 transcripts	 derived	 from	 a	
certain	 genomic	 region.	 To	 reach	 beyond	 this	mean-based	 characterization,	
sequencing	 the	 transcriptome	 of	 single	 cells	 has	 gained	 more	 attention	 in	
recent	years79.		
	
To	 improve	 accuracy	 of	 results,	 replication	 is	 important.	 This	 enables	
estimation	 of	 the	 variability	 within	 conditions.	 In	 RNA-seq,	 technical	
replicates	are	often	claimed	to	be	unnecessary,	since	the	RNA-seq	technology	
has	 proven	 to	 be	 robust	 enough	 to	 make	 technical	 variation	 negligible.	
Biological	replicates	are	more	prioritized.	The	use	of	at	least	three	biological	
replicates	 seems	 to	 be	 somewhat	 of	 a	 gold	 standard,	 for	 cell	 lines	 however	
two	 replicates	 are	 often	 enough,	 indicated	 by	 genome-wide	 correlations	 of	
over	 0.99.	When	working	with	 cell	 lines,	 an	 interesting	 question	 is	what	 to	
consider	 a	 biological	 replicate.	 A	 common	 strategy	 is	 to	 regard	 early	 splits,	
two	subpopulations	from	the	same	original	population,	to	grow	in	parallel	for	
a	number	of	population	doublings.		
	
As	 mentioned,	 there	 is	 an	 ongoing	 debate	 whether	 Differential	 Expression	
Analysis	 should	 be	 performed	 at	 the	 gene	 level	 or	 at	 the	 level	 of	 individual	
transcripts	 (splice	 isoforms).	 Performing	 such	 analyses	 on	 transcript	 level	
evokes	 a	 few	 questions	 regarding	 what	 scenario	 should	 be	 viewed	 as	
differential	 expression.	 Are	 two	 transcripts	 differentially	 expressed	 even	
though	 their	 corresponding	 gene	 shows	 a	 zero	 net	 difference	 between	 the	
compared	samples?	Are	genes	differentially	expressed	between	samples	if	at	
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least	 one	 corresponding	 transcript	 is	 differentially	 expressed?	 To	 answer	
such	 questions	 requires	 some	 degree	 of	 biological	 insight	 and	 relate	 to	 a	
common	 issue	 in	 todays,	more	 computer-dependent	 field	 of	 biology,	where	
people	 are	 often	 forced	 into	 a	 role	 of	 being	 both	 biologists	 and	 computer	
scientists	at	once.		
	
With	 today’s	 use	 of	 high-throughput	 technologies,	 the	 greatest	 challenge	 of	
biology	does	not	lie	in	the	generation	of	data,	but	rather	in	the	interpretation	
of	 them.	In	order	to	understand	biological	processes	by	the	use	of	advanced	
data	 analysis,	 statistical	 principles	 must	 be	 well	 tested	 and	 evaluated	 to	
obtain	 the	 most	 robust	 and	 efficient	 algorithms	 possible.	 In	 the	 field	 of	
transcriptomics,	 an	 explosion	 in	 number	 of	 different	 strategies	 and	 tools	
characterizes	 the	 recent	 years.	 A	 great	 challenge	 for	 researchers	 trained	 in	
biology	 is	 to	guide	themselves	through	this	 jungle	of	different	 tools.	When	a	
new	 method	 is	 published,	 authors	 often	 claim	 superiority	 over	 previous	
methods,	 which	 can	 lead	 to	 somewhat	 contradictory	 information	 regarding	
which	 method	 to	 choose.	 With	 the	 lack	 of	 standard	 pipelines	 for	 analysis,	
developers	 are	 free	 to	 choose	 validation	 methods	 in	 favor	 of	 their	 own	
developed	tools,	a	scenario	described	as	the	“self-assessment	trap”80.		
	
RNA-seq	is	a	powerful	tool	for	determining	what	genes	are	expressed	and	to	
what	 extent	 across	 samples,	 information	 that	 can	 be	 used	 to	 predict	 and	
model	 cellular	 behavior.	 It	 is	 important	 though	 to	 understand	 that	 this	
technique	only	captures	an	early	step	in	a	long	sequence	of	regulatory	events	
that	 collectively	 dictate	 cellular	 function	 and	 phenotype.	 Many	 functions	
depend	 on	 proteins	 that	 are	 activated	 only	 in	 the	 presence	 of	 certain	
interaction	 partners,	 and	 PTMs	 and	 subcellular	 localization	 are	 also	
important	 factors	 to	 consider	when	 studying	 cellular	 behavior.	 By	 studying	
proteins,	we	can	confirm	what	has	been	seen	on	 the	 transcriptome	 level,	or	
provide	additional,	more	detailed,	information	about	cellular	function.	
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3.	Studying	the	human	proteome		

The	full	set	of	proteins	at	a	certain	time	point	within	a	defined	system,	such	as	
an	 organism,	 an	 organ,	 a	 cell	 type	 or	 a	 cellular	 compartment,	 is	 called	
proteome.	 The	 word	 “Proteome”	 has	 been	 around	 since	 the	 late	 90’s,	 first	
used	 by	 the	 Australian	 student	 Marc	 Wilkins	 and	 heavily	 inspired	 by	 the	
terms	“genome”	and	“genomics”81.	Analysis	of	the	proteome	can	be	driven	by	
either	 a	 protein-centric	 approach	 or	 a	 gene-centric	 approach82.	 Protein-
centric	 studies	 are	 exploratory	 and	 aim	 is	 to	 detect	 all	 proteins	 that	 are	
present	 in	 a	 sample	 mixture,	 given	 the	 limitations	 of	 the	 technology	 being	
used.	 In	 proteome	 analyses	 with	 a	 gene-centric	 approach,	 genomic	
annotations	are	used	to	guide	the	exploration	of	proteins.		
	
Alongside	 the	 decline	 in	 number	 of	 predicted	 protein-coding	 genes	 seen	 in	
recent	 years,	 knowledge	 about	 the	 structural	 diversity	 of	 the	 human	
proteome	 continues	 to	 strengthen.	 The	 complexity	 of	 the	 human	proteomic	
landscape	 extends	 well	 beyond	 just	 the	 number	 of	 distinct	 corresponding	
genes	 and	 rather	 manifests	 itself	 through	 tremendous	 protein	 diversity.	
Genetic	 variation,	 somatic	 recombination,	 alternative	 mRNA	 splicing	 and	
PTMs	 are	 important	 factors	 that	 contribute	 to	 the	 presence	 of	 protein	
isoforms.	 Rapid	 technology	 development	 have	 allowed	 for	 systematic	
exploration	 of	 the	 human	 proteome	 in	 various	 diverse	 systems,	 such	 as	
different	 cell	 lines	 and	 tissues.	One	 interesting	 finding	 from	 these	 studies	 is	
that	 the	 collection	 of	 detected	proteome	 constituents	 is	 surprisingly	 similar	
across	 diverse	 biological	 systems83-88.	 The	 ubiquitous	 protein	 expression	
observed	 in	 these	 studies	 point	 to	 the	 importance	 of	 abundance	 and	
organization,	 and	 not	 only	 the	 absence	 or	 presence	 of	 proteins,	 to	 dictate	
cellular	 identity	 and	 function.	 In	 the	 past,	 measurements	 of	 protein	
abundance	 have	 primarily	 relied	 on	 the	 use	 of	 affinity	 reagents,	 such	 as	
quantitative	 western	 blot	 and	 Enzyme-linked	 immunosorbent	 assay	
(ELISA)89,90.	 In	 the	 1970’s,	 two-dimensional	 gel	 electrophoresis	 was	
developed	 and	 provided	 new	 opportunities	 to	 study	 up	 to	 thousands	 of	
proteins	 in	 a	 single	 experiment,	 preferably	 proteins	 of	 relatively	 high	
abundance91.	 In	 the	 late	 1990’s,	 technological	 advances	 in	 the	 field	 of	mass	
spectrometry	(MS)	led	to	a	fundamental	change	in	experimental	practice,	and	
since	 then	 quantitative	 proteome	 analyses	 are	 mainly	 dominated	 by	 MS-
based	approaches.	
	
Even	though	the	field	of	proteomics	is	still	lagging	behind	transcriptomics	in	
terms	of	coverage,	large-scale	systematic	exploration	of	the	human	proteome	
is	today	possible,	detecting	thousands	of	proteins	in	a	single	run.	In	2014,	two	
drafts	of	 the	human	proteome	were	published,	based	on	MS	experiments	 in	
combination	with	crowd	sourcing	of	data.	The	two	studies	reported	MS-based	
evidence	 for	 84%	and	92%	of	 the	 annotated	proteome92,93.	 Following	 these	
two	publications	was	a	debate	that	led	to	reanalysis	of	the	results	using	other	
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principles	 for	 false	discovery	 rate	 estimation,	 generating	 a	 somewhat	 lower	
coverage94-96.	In	2015,	the	first	draft	of	the	human	tissue-based	proteome	was	
published,	using	antibodies	targeting	90%	of	the	protein-coding	genome97.	
	

MS-based	proteomics		
	
MS	enables	accurate	and	high	throughput	identification	and	quantification	of	
proteins	from	complex	mixtures.	The	role	of	MS	within	the	field	of	proteomics	
began	 in	 the	 late	 1980’s	 when	 two	 methods	 were	 developed	 that	 made	 it	
possible	 to	 ionize	 proteins	 and	 peptides	 under	 conditions	 that	 were	 mild	
enough	 to	 keep	 the	 molecules	 intact,	 Electrospray	 Ionization	 (ESI)	 and	
Matrix-Assisted	 Laser	 Desorption	 Ionization	 (MALDI)98,99.	 The	 success	 of	
these	 two	 ionization	 methods	 pave	 the	 way	 for	 a	 rapid	 technology	
development	and	the	proteomics	field	has	ever	since	been	heavily	dominated	
by	technologies	that	are	based	on	various	MS	principles	and	applications.		
	
In	 simple	 terms,	 the	 technique	 is	 based	 on	 ionization	 of	 protein	 fragments	
that	 are	 directed	 into	 a	 high	 vacuum	 system	 called	 a	mass	 analyzer,	where	
they	become	separated	according	to	their	mass-to-charge	ratio	(m/z)	before	
detection.	This	 generates	a	mass	 spectrum	 in	which	 relative	 ion	 intensity	 is	
plotted	against	m/z.	MS	experiments	are	typically	performed	with	a	bottom-
up	approach	(also	known	as	shotgun	proteomics)	involving	sequence-specific	
proteolytic	digestion	of	proteins	 into	multiple	peptides	prior	to	the	analysis.	
The	 analysis	 of	 peptides	 instead	 of	 intact	 proteins	 is	 advantageous	 since	
peptides	are	easier	to	ionize	compared	to	full-length	proteins.	It	also	enables	
ionization	 of	 insoluble	 proteins	 that	 would	 otherwise	 be	 challenging	 to	
analyze	with	MS,	and	identification	of	proteins	with	modifications	that	would	
make	identification	by	known	mass	difficult100.	Following	digestion,	peptides	
are	usually	separated	based	on	chemical	characteristics	on	a	chromatographic	
device	directly	coupled	 to	 the	MS	 instrumentation.	 In	 this	way,	peptide	 ions	
can	 be	 produced	 within	 a	 defined	 range	 at	 a	 time,	 which	 increases	 the	
sensitivity.		The	standard	MS	instrumentation	can	be	divided	into	three	parts,	
an	ionization	source,	a	mass	analyzer	and	a	detector101.	Several	different	mass	
analyzers	are	used	today,	such	as	quadrupole,	TOFs,	orbitrap	and	quadrupole	
iontraps100.	 A	 common	 approach	 is	 to	 combine	 mass	 spectrometers	 into	 a	
tandem	system	equipped	with	a	mass	 filter102.	 In	 such	a	 setup,	peptide	 ions	
that	 enter	 the	mass	 spectrometer	 together	 are	 first	 separated	 in	 one	 of	 the	
mass	analyzers	 (MS1)	 to	generate	a	precursor	 ion	spectrum	that	represents	
different	ionized	peptides.	A	few	individual	peptide	ions	are	then	selected	to	
undergo	 further	 fragmentation	by	collision	with	an	 inert	gas,	 such	as	argon,	
helium	or	nitrogen.	In	a	second	mass	analyzer,	the	fragment	ions	(often	called	
product	ions)	are	separated	according	to	their	mass	(MS2),	to	yield	fragment	
ion	 spectra	 (Figure	 5).	 This	 procedure	 will	 be	 repeated	 throughout	 the	
chromatographic	 run	 in	 a	 defined	 set	 of	 cycles100.	 Today,	 identification	 of	
peptides	 is	 usually	 performed	 at	 the	 MS2	 level,	 by	 search	 algorithms	 that	
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compare	peak	intensities	in	the	experimental	data	to	theoretical	spectra	that	
are	 found	 in	 databases	 such	 as	 SEQUEST,	 Andromeda,	 Mascot	 and	
X!Tandem103.	 By	 combining	 information	 about	 the	 precursor	 peptide	 mass	
(revealed	 in	MS1)	with	 information	 from	 the	matched	 fragment	 ion	 spectra	
generated	in	MS2,	identification	of	peptides	can	be	achieved.		
	
	

	
	
	
Figure	 5.	 Overview	 of	 a	 typical	 MS/MS	 setup.	 The	 workflow	 includes	 ionization,	
peptide	ion	separation,	fragmentation,	fragment	ion	separation	and	detection.	
	
	

Quantitative	mass	spectrometry	
	 	
As	 the	 signal	 intensities	 of	 peptide	 ions	 are	 not	 directly	 proportional	 to	
abundance,	 MS	 analysis	 is	 not	 inherently	 quantitative.	 Proteomic	 research	
commonly	strives	to	reach	quantitative	information	about	protein	expression	
and	several	strategies	for	quantitative	MS	have	emerged	throughout	the	last	
decade.	 Quantitative	 MS	 can	 be	 performed	 either	 in	 a	 relative	 manner,	 by	
comparing	protein	abundance	between	two	or	more	samples;	or	 in	absolute	
manner	to	yield	absolute	protein	copy	numbers	per	cell	or	sample,	commonly	
achieved	 by	 the	 addition	 of	 an	 internal	 standard	 of	 known	 concentration.	
Both	 relative	 and	 absolute	 quantification	 can	 also	 be	 performed	with	 label-
free	 strategies,	 by	 analysis	 of	 precursor	 signal	 intensities	 or	 by	 spectral	
counting		
	
A	popular	strategy	in	quantitative	MS	is	labeling	of	proteins	or	peptides	with	
heavy	 isotopes.	 This	 produces	 isotopologues	 that	 are	 identical	 molecules	
except	 for	 differences	 in	 isotope	 composition.	 Due	 to	 similar	 chemical	
properties,	they	co-elute	during	liquid	chromatography	(LC)	and	enter	the	MS	
instrumentation	together,	but	due	to	different	 isotope	composition	they	will	
be	differentiated	in	the	MS	analysis,	identified	via	a	mass	shift	in	the	spectra.	
To	 minimize	 bias	 that	 can	 be	 introduced	 at	 several	 steps	 during	 the	
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subsequent	 MS	 experiment,	 early	 mixing	 of	 heavy	 and	 light	 samples	 is	
desirable.	 A	 number	 of	 different	 strategies	 for	 protein	 quantification	 using	
different	labeling	strategies	have	been	developed104.	
	
A	popular	method	for	relative	quantification	of	proteins	is	metabolic	labeling	
in	 vivo	 with	 Stable	 Isotope	 Labeling	 of	 Cells	 (SILAC)105.	 In	 SILAC,	 heavy	
arginine	 and	 lysine	 are	 added	 to	 cell	 cultivation	medium	 and	metabolically	
incorporated	into	the	cells	proteome	by	the	cells	own	machinery	for	protein	
synthesis.	 Subsequently,	 heavy	 and	 light	 cell	 lysates	 are	mixed	 followed	 by	
trypsin	digestion	and	LC-MS/MS	analysis.	During	 trypsin	digestion,	proteins	
are	 cleaved	 at	 the	 C-terminus	 of	 Arginine	 and	 Lysine,	 hence	 making	 all	
cleaved	 peptides	 having	 at	 least	 one	 heavy	 amino	 acid.	 As	 heavy	 and	 light	
samples	 are	 combined	 before	 sample	 preparation	 begins,	 the	 level	 of	
laboratory	bias	in	SILAC	is	relatively	low.	
	
In	 contrast	 to	 cell	 lines	 that	 are	 easy	 to	 cultivate	 for	 efficient	 metabolic	
labeling	 in	 vivo,	 many	 biological	 samples	 require	 alternative	 methods	 for	
isotope	 labeling,	 for	 example	 when	working	with	 clinical	 blood	 samples	 or	
tissue	 samples.	 In	 such	 cases,	 chemical	 or	 enzymatic	 labeling	 with	 isotopic	
atoms	or	 isotope-coded	tags	can	be	used.	Examples	of	 labeling	with	 isotopic	
atoms	 include	 enzymatic	 labeling	 with	 heavy	 oxygen	 during	 proteolytic	
digestion	 with	 trypsin	 and	 labeling	 of	 primary	 amino	 groups	 in	 digested	
peptides	with	deuterium.	One	major	bottleneck	with	methods	that	label	with	
deuterium	is	 that	 it	produces	a	small	shift	 in	over-all	chemical	properties	of	
the	 peptides	 so	 that	 co-elusion	 during	 chromatography	 is	 not	 longer	
achieved106,107.	 Stable	 isotope	 dimethylation	 with	 formaldehyde	 in	 heavy	
water	 however	 keeps	 the	molecules	 chemically	 intact	 and	 is	 better	 suitable	
for	chromatographic	purposes108.		
	
Labeling	 with	 isotope-coded	 tags	 is	 a	 commonly	 used	 approach	 in	
quantitative	 proteomics.	 One	 of	 the	 earliest	 methods	 based	 on	 isotopic	
labeling	 for	 protein	 quantification,	 developed	 already	 in	 the	 late	 90s,	 is	
Isotope	 Coded	 Affinity	 Tags	 (ICAT)109.	 In	 this	 method,	 free	 thiol	 groups	 on	
cysteines	 are	 labeled	 with	 ICATs	 prior	 to	 digestion.	 The	 ICAT	 tags	 are	
comprised	of	a	sulfhydryl-reactive	crosslinking	group,	a	heavy	or	light	linker	
and	 a	 biotin	 molecule.	 The	 method	 takes	 advantage	 of	 the	 high	 affinity	
between	 biotin	 and	 avidin/streptavidin,	 and	 enables	 purification	 of	 labeled	
peptides	by	immobilization	over	avidin	or	streptavidin	before	heavy	and	light	
samples	are	combined	and	analyzed.		
	
Today,	 isobaric	 tags	 are	 also	 popular	 for	 labeling	 of	 peptides	 after	 protein	
digestion.	Isobaric	tags	are	composed	of	a	mass	reporter	(the	actual	tag)	and	a	
balancing	mass	normalizer.	Since	isobaric	tags	have	both	identical	net	masses	
and	 chemical	 properties,	 isotopologues	 can	 co-elute	 together.	 During	
fragmentation,	 the	 tags	 are	 cleaved	 and	 their	 reporter	 ions	 are	 used	 to	
distinguish	 them	 from	each	other,	 based	on	differences	 in	mass	 that	 enable	
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relative	intensities	to	be	analyzed	between	samples	in	one	MS/MS	spectrum.	
Labeling	with	isobaric	tags	is	typically	performed	at	primary	amine	residues.	
Several	different	types	of	isobaric	tags	applicable	for	multiplexed	quantitative	
analyses	 are	 available,	 Tandem	 Mass	 Tags	 (TMT)	 and	 Isobaric	 Tags	 for	
Relative	and	Absolute	Quantification	(iTRAQ)	are	popular110,111	
	
In	 contrast	 to	 the	 above-mentioned	 methods	 for	 relative	 quantification	 of	
proteins,	 absolute	 quantification	 aims	 to	 reveal	 absolute	 concentrations	 of	
proteins	 across	 samples.	 This	 is	 most	 commonly	 achieved	 by	 spiking	 in	
known	 concentrations	 of	 heavy-labeled	 standards	 before	 protein	 digestion,	
followed	 by	 comparison	 of	 achieved	 signal	 intensities.112	 Popular	 standards	
include	 Absolute	 Quantification	 (AQUA)	 peptides	 and	 QconCAT	
octamers113,114	 Full-length	 protein	 standards	 can	 also	 be	 spiked-in,	 which	
generates	highly	accurate	quantification	as	the	spiked	in	protein	will	generate	
identical	peptides	upon	trypsin	digestion	as	its	endogenous	counterpart.115-117	
A	major	drawback	with	 the	use	of	 full-length	protein	 standards	 is	 that	 they	
are	 challenging	 to	 produce.	 Recently,	 a	 strategy	 for	 absolute	 quantification	
was	 established,	 using	 heavy	 labeled	 protein	 fragments	 of	 25-150	 amino	
acids,	called	QPrESTs118.	This	method	is	described	in	more	detail	in	paper	II.		

	

Targeted	mass	spectrometry	
	
In	 discovery	 proteomics,	 where	 the	 aim	 is	 to	 detect	 and	 quantify	 as	 many	
proteins	as	possible,	given	the	capacity	of	the	instrumentation,	the	analysis	is	
often	performed	by	means	of	Data	Dependent	Acquisition	(DDA).	This	means	
that	 the	 instrument	 is	 programmed	 to	 choose	 ions	 of	 highest	 intensity	 for	
further	fragmentation	in	the	MS2	stage.	In	targeted	proteomics	studies,	where	
the	aim	is	to	obtain	results	for	a	defined	subset	of	proteins,	precursor	ions	are	
instead	 chosen	 beforehand,	 independent	 on	 the	 data	 that	 is	 generated	
throughout	 the	 experiment.	 This	 targeted,	 Data	 Independent	 Acquisition	
(DIA)	 approach,	 enables	 reproducible	 and	 sensitive	 results	 as	 proteins	
irrelevant	in	the	study,	that	could	potentially	mask	proteins	of	interest,	can	be	
filtered	 out	 from	 the	 analysis119,120.	 A	 popular	 method	 used	 in	 targeted	
proteomics	 is	 Selected	 Reaction	 Monitoring	 (SRM,	 also	 termed	 Multiple	
Reaction	Monitoring	(MRM))121,122.	In	SRM,	a	triple	quadrupole	instrument	is	
used	consisting	of	 three	quadrupole	mass	analyzers	and	 two	stages	of	mass	
filtering.	 A	 precursor	 ion	 of	 interest	 is	 preselected	 in	 the	 first	 quadrupole	
following	 fragmentation	 by	 collision	 with	 gas	 in	 the	 second	 quadrupole.	
Instead	of	obtaining	a	full	MS/MS	scan	(as	in	conventionally	tandem	MS),	only	
a	small	number	of	sequence-specific	 fragment	 ions	are	analyzed	in	the	third	
quadrupole	and	passed	on	for	detection.	The	precursor/product	ion	pairs	are	
called	transitions.	Once	the	procedure	is	established	and	optimized,	multiple	
samples	 can	 be	 analyzed	 over	 a	 relative	 short	 period	 of	 time,	 generating	
highly	 sensitive	 and	 reproducible	 results.	 The	 SRM	 technology	 has	 gained	
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wide	popularity	within	 the	 field	of	drug	discovery,	as	 it	 allows	 for	unbiased	
quantification	 of	 low-abundant	 proteins	 across	 large	 sample	 cohorts.	 An	
alternative	 method	 to	 SRM	 is	 Parallel	 Reaction	 Monitoring	 (PRM),	 which	
enables	 multiple	 peptides	 to	 be	 quantified	 in	 parallel	 by	 the	 use	 of	 hybrid	
Quadrupole-Orbitrap	 instruments	 that	 combines	 precursor	 ion	 selection	 by	
the	 quadrupole	 with	 high	 resolution	 accurate	 (HRAM)	 detection	 of	 all	
fragment	ions	by	the	Orbitrap123.		
	
	

Affinity-based	proteomics	
	
Affinity	 is	 a	measure	of	binding	 strength	between	molecules.	 In	proteomics,	
several	 methods	 make	 use	 of	 affinity	 reagents	 that	 can	 selectively	 bind	
proteins	in	a	mixture	and	thereby	enable	detection	and	quantification.		
	
The	 most	 commonly	 used	 affinity	 reagents	 are	 antibodies.	 Antibodies	 are	
produced	by	B	cells	in	the	immune	system	and	are	characterized	by	a	striking	
diversity	as	a	result	of	genetic	rearrangements	during	B	cell	development,	in	
combination	 with	 affinity	 maturation	 after	 binding	 of	 target	 antigen.	
Antibodies	as	 research	 reagents	were	 first	used	 in	 the	1960s	when	Rosalyn	
Yalow	 and	 Solomon	Berson	developed	 the	 first	 radioimmunoassay	 (RIA)124.	
In	 this	 method,	 antibodies	 were	 used	 to	 detect	 and	 quantify	 molecules	 by	
competitive	 binding	 between	 isotope-labeled	 and	 unlabeled	 target.	 In	 the	
1970s,	 Peter	 Perlmann	 and	 Eva	 Engvall	 developed	 the	 enzyme-linked	
immunosorbent	assay	(ELISA)	where	enzyme-coupled	antibodies	are	used	to	
detect	proteins90.	
	

Immunofluorescence	
	
Immunofluorescence	 (IF)	 technology	 relies	 on	 the	 binding	 between	
fluorescently	 labeled	 antibodies	 and	 their	 target	 proteins.	 When	 combined	
with	a	high-resolution	imaging	technique,	IF	enables	the	identification	and	in	
situ	 visualization	 of	 selected	 targets.	 IF	 can	 be	 applied	 in	 proteomics,	 to	
provide	 a	 window	 to	 the	 physiology	 of	 cells	 and	 tissues	 by	 enabling	
researchers	 to	 reveal	 the	 spatial	 distribution	 of	 endogenous	 protein	
expression.	The	 spatial	 information	provided	by	 IF	 analysis	 is	 an	 important	
advantage	 that	differentiates	 this	method	 from	complementary	 technologies	
such	 as	 MS-based	 applications.	 As	 the	 detection	 is	 based	 on	 local	 protein	
concentrations	rather	than	the	bulk	abundance,	a	high	sensitivity	is	achieved.	
For	example,	low-abundant	proteins	that	are	localized	to	small	organelles	like	
the	centrosome	can	be	detected.	IF	is	most	often	used	for	qualitative	analysis	
of	 protein	 expression,	 but	 it	 can	 also	 be	 used	 for	 quantitative	 purposes,	 by	
comparison	 of	 relative	 intensities	 or	 more	 advanced	 techniques	 such	 as	
Förster	 resonance	 energy	 transfer	 (FRET)	 and	 fluorescence	 recovery	 after	
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photobleaching	 (FRAP)125,126.	 IF	 experiments	 can	 be	 performed	 either	 in	 a	
direct	 or	 indirect	 manner.	 In	 direct	 IF,	 a	 single	 antibody	 is	 used,	 that	 is	
conjugated	 to	 a	 fluorophore	 for	detection.	 In	 indirect	 IF,	 two	antibodies	 are	
used,	one	primary	antibody	intended	to	target	the	protein	of	interest	and	one	
secondary	labeled	antibody	that	targets	the	primary	antibody	and	is	used	for	
detection.	The	following	text	considers	only	indirect	IF	experiments	using	 in	
vitro	cultivated	cells.	
	
An	 IF	 experiment	 starts	 with	 fixation	 and	 permeabilization	 of	 the	 cells	
containing	the	target	protein.	Fixation	is	performed	to	retain	the	intracellular	
architecture	 during	 permeabilization,	 which	 is	 required	 for	 antibodies	 to	
enter	 the	cell	 and	 reach	 their	 targets.	A	 commonly	used	approach	 is	 to	 first	
cross-link	 the	 proteins	 by	 adding	 paraformaldehyde	 (PFA)	 that	 reacts	with	
nitrogen	molecules	on	 the	proteins	 to	 form	bridges	 that	 retain	molecules	 in	
place.	 Following	 cross-linking,	 the	 membrane	 is	 permeabilized,	 aided	 by	
saponins	or	non-ionic	detergents	such	as	Tween	20	or	Triton	X-100.	Fixation	
and	 permeabilization	 can	 also	 be	 performed	 simultaneously	 by	 the	 use	 of	
organic	 solvents	 such	 as	 acetone,	 ethanol	 or	methanol.	 Sample	 preparation	
including	 fixation	 and	 permeabilization	 requires	 careful	 optimization	 of	
experimental	 protocols,	 customized	 for	 the	 protein	 targets	 of	 interest.	
Chemical	 conditions	must	be	mild	 enough	 to	keep	 the	 internal	 organization	
intact,	and	strong	enough	to	provide	access	to	all	intracellular	compartments.	
Well-optimized	 fixation	 and	 permeabilization	 is	 important	 to	 minimize	 the	
risk	 for	 artifacts.	 For	 example,	 dehydration	 with	 alcohols	 works	 well	 for	
analysis	of	the	cytoskeleton	but	is	less	suitable	for	soluble	proteins.	Too	long	
incubation	 with	 PFA	 can	 lead	 to	 blocking	 of	 antibody	 epitopes	 and	 mild	
detergents	 such	 as	 saponins	 are	 less	 effective	when	 studying	mitochondrial	
proteins	 since	 the	 inner	 mitochondrial	 membrane	 contains	 relatively	 little	
cholesterol127.	 	 When	 cells	 are	 fixed	 and	 permeabilized,	 the	 sample	 is	
incubated	 with	 the	 primary	 antibody	 followed	 by	 washing	 and	 incubation	
with	the	secondary	antibody.	To	enable	subsequent	localization	of	the	protein	
in	 relation	 to	 the	 inner	 architecture	 of	 the	 cell,	 co-localization	 is	 commonly	
performed,	that	is	the	simultaneous	use	of	additional	affinity	reagents	or	dyes	
that	 are	 added	 together	with	 the	primary	 antibody.	 For	 example	 antibodies	
targeting	the	cytoskeleton	of	the	cells	and	small	chemicals	such	as	DAPI	that	
bind	to	the	DNA	in	the	nucleus	and	enables	visualization	of	the	cell	nuclei	as	a	
reference.	Following	IF	staining,	targeted	proteins	are	visualized	by	detecting	
antibodies	 through	 their	 conjugation	 to	 a	 fluorophore.	 In	 fluorescence	
microscopy	the	sample	 is	 illuminated	with	a	certain	wavelength	(excitation)	
followed	 by	 emission	 of	 light	 with	 a	 longer	 wavelength.	 The	 difference	 in	
wavelength	between	emitted	 and	absorbed	 light	 is	 known	as	 Stokes	 shift,	 a	
phenomenon	 that	 is	 fundamental	 to	 the	 sensitivity	 and	 low	 background	 of	
IF128.	By	 filtering,	 only	 the	emitted	 light	 is	 allowed	 to	 reach	 the	detector.	 In	
confocal	 laser	scanning	microscopy	(CLSM)	higher	resolution	 is	obtained	by	
illuminating	the	sample	with	a	high	power	laser	beam	of	distinct	wavelength	
and	the	emitted	 light	beam	path	 is	gated	so	that	only	 the	emission	 from	the	
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focal	 plane	 reaches	 the	 detector.	 When	 using	 multiple	 fluorophores	 it	 is	
important	 to	 minimize	 spectral	 overlap,	 which	 can	 be	 achieved	 by	 narrow	
band	pass	filters	and	sequential	scans.		
	
	

Using	RNA	levels	as	an	indirect	measure	of	protein	expression	
	
The	 cellular	 abundances	 of	 mRNA	 and	 protein	 depend	 on	 the	 fundamental	
processes	of	transcription,	mRNA	storage,	translation,	mRNA	degradation	and	
protein	degradation.		
	
Methods	for	monitoring	the	rate	of	transcription	include	labeling	of	RNA	with	
4-thiouridine	(4sU)	prior	to	microarray	or	RNA-seq	analysis,	thereby	enabling	
the	 user	 to	 distinguish	 newly	 transcribed	 RNA	 from	 the	 pre-existing	
population129.	To	minimize	bias	due	to	degradation	during	labeling,	the	time	
of	 the	 4sU	 labeling	 can	 be	 kept	 as	 short	 as	 10	minutes.	 In	 addition	 to	 4sU	
labeling,	alternative	methods	like	RATE-seq	and	SnapShot-seq	which	is	purely	
computational,	 are	also	available130,131.	After	 transcription,	mRNA	molecules	
are	 processed	 before	 they	 exit	 the	 nucleus	 to	 enter	 the	 cytosol	 where	
translation	occurs.	mRNA	 transcripts	 that	display	equal	 levels	of	 expression	
can	 generate	 different	 amounts	 of	 protein	 products	 due	 to	 differences	 in	
translation	 rates	 and	 protein	 degradation.	 Translation	 rates	 are	 partly	
influenced	by	the	mRNA	sequence	that	dictates	codon	composition,	upstream	
Open	Reading	Frames	(ORFs)	and	ribosome	entry	sites	(IRES)132.	In	addition,	
translation	 rates	 can	be	modulated	by	 the	 availability	 of	 ribosomes	 and	 the	
binding	of	 regulatory	proteins	and	non-coding	RNA	molecules	 to	 the	mRNA	
transcripts133.		The	post-transcriptional	processing	and	transport	of	mRNA	to	
the	cytosol	are	controls	that	lead	to	a	delay	in	protein	translation.	Changes	in	
transcript	abundance	will	therefore	influence	protein	abundance	always	with	
a	 certain	 degree	 of	 temporal	 delay.	 Several	 studies	 have	 showed	 that	 the	
temporal	delay	in	protein	synthesis	is	protein-specific,	and	that	more	careful	
consideration	of	this	delay	would	increase	the	correlation	between	mRNA	and	
protein	 abundances134.	 Protein	 kinetics,	 that	 is	 protein	 synthesis	 and	
turnover,	 is	 typically	 monitored	 using	 puls-labeling	 of	 newly	 synthesized	
proteins	 with	 heavy	 isotopes	 or	 ribosome-	 or	 polysome	 profiling135,136.	 In	
ribosome	profiling,	ribosome-protected	fragments	are	isolated	independently	
of	whether	the	mRNA	is	actively	transcribed	or	not,	 followed	by	RNA-seq	to	
reveal	information	about	the	transcript	locations	occupied	by	ribosomes137.	In	
polysome	profiling,	mRNA	molecules	are	separated	by	the	number	of	bound	
ribosomes,	 which	 enables	 analysis	 of	 transcripts	 that	 are	 considered	
“efficiently	 translated”.	 A	 commonly	 used	 cutoff	 for	 the	 identification	 of	
“heavy	polysomes”	is	the	occupancy	of	at	least	three	ribosomes138.		
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Even	 though	 the	 existence	 of	 a	 general	 correlation	 between	 mRNA	 and	
protein	 levels	 is	 still	 being	 debated,	 several	 studies	 from	 the	 last	 decade	
conclude	 that	 the	 level	 of	 mRNA	 variation	 largely	 explains	 steady-state	
differences	between	corresponding	protein	levels134,139,140.	As	living	systems,	
cells	 are	 continuously	 exposed	 to	 changes	 in	 their	molecular	 compositions,	
mainly	due	to	dynamic	processes	such	as	proliferation	and	differentiation.	In	
most	studies,	steady	state	conditions	are	defined	as	circumstances	where	the	
average	mRNA	and	protein	levels	remain	more	or	less	constant	over	several	
ours.		

	

Challenges	and	considerations	
	
The	cellular	proteome	is	highly	complex.	 Isoforms	and	PTMs	contribute	to	a	
huge	 diversity	 of	 proteoforms	 and	 on	 top	 of	 that	 is	 a	 tremendous	 dynamic	
range	of	protein	concentrations.	In	quantitative	studies,	the	dynamic	range	of	
protein	expression	is	challenging,	especially	in	samples	derived	from	various	
body	 fluids	 such	 as	 plasma	 and	 cerebrospinal	 fluid	 (CSF)	 where	 proteins	
display	 concentrations	 that	 can	 vary	 up	 to	 more	 than	 ten	 orders	 of	
magnitude141.		
In	 comparison	 to	 transcriptomics	 studies	 where	 PCR	 enables	 amplification	
prior	 to	 sequencing,	 proteins	 are	measured	 in	 their	 original	 concentrations.	
To	 maximize	 sequence	 coverage	 across	 the	 full	 range	 of	 concentrations,	
various	 methods	 are	 employed	 to	 reduce	 sample	 complexity,	 either	 by	
enrichment	of	interesting	targets	or	depletion	of	high-abundant	proteins.	This	
is	 commonly	 achieved	by	 gel	 electrophoresis,	 liquid	 chromatography	or	 the	
use	of	affinity	reagents.	In	IF,	an	important	advantage	is	the	ability	to	detect	
local	concentrations	due	to	the	spatial	resolution.	Proteins	that	display	a	high	
local	concentration	at	smaller	defined	areas,	such	as	 the	centrosome,	can	be	
identified	even	though	their	relative	cellular	concentration	is	very	low.	
	
The	major	 challenge	 in	 affinity-based	proteomics	 is	 to	 ensure	quality	of	 the	
affinity	 reagents	 that	 are	 used.	 Antibodies	 are	 among	 the	 most	 commonly	
used	 research	 reagents	 today,	 but	 they	 suffer	 extensively	 from	 cross-
reactivity	 and	 therefore	 require	 careful	 consideration	 regarding	 specificity,	
that	 is	 the	 ability	 to	 discriminate	 between	 molecules	 that	 compete	 for	 the	
same	binding	site.	To	establish	a	standardized	scheme	for	antibody	validation,	
a	 committee	 of	 international	 scientists	 from	various	 fields	was	 formed,	 The	
International	 Working	 Group	 for	 Antibody	 Validation	 (IWGAV).	 Recently,	
IWGAV	 presented	 a	 proposal	 of	 a	 set	 of	 standard	 guidelines	 for	 antibody	
validation,	 built	 upon	 five	 pillars:	 Genetic	 strategies,	 Orthogonal	 strategies,	
Independent	 Antibody	 Strategies,	 Expression	 of	 tagged	 proteins	 and	
Immunocapture	 followed	 by	 mass	 spectrometry142.	 In	 antibody-based	
proteomics,	challenges	remain	to	reach	the	same	level	of	multiplexing	as	can	
be	 obtained	 in	MS-based	 approaches.	 Simultaneous	 detection	 of	more	 than	
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one	 target	 protein	 using	 multiple	 antibodies	 requires	 the	 availability	 of	
secondary	 antibodies	 that	 are	 specific	 to	 antibodies	 from	 only	 one	 type	 of	
host	 species.	 In	 addition,	 fluorophores	 that	 are	 conjugated	 to	 secondary	
antibodies	must	be	well	resolved	to	minimize	spectral	bleed-through	that	can	
lead	 to	 false	 detection	 of	 co-localization.	 A	 typical	 limit	 for	 robust	 IF	
experiments	in	96-	and	384-well	plates	is	three	to	four	channels,	but	several	
attempts	have	been	carried	out	to	increase	the	multiplicity	of	IF,	for	example	
infra-red	 shifted	 fluorophores,	 quantum	 dots,	 bar	 coding	 and	 cyclic	
immunofluorescence	 (cycIF)143.	 In	 mass	 cytometry	 (cyTOF),	 antibodies	 are	
conjugated	 to	 rare	metals,	 enabling	 over	 30	 different	 antibodies	 to	 be	 used	
simultaneously	without	problems	with	spectral	overlap144.	
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4.	Data	analysis	and	functional	interpretation		

Public	data	resources	
	
Accumulation	of	 information	 is	accelerating	 fast.	The	scale	of	biological	data	
produced	 in	 the	 world’s	 labs	 is	 now	 well	 beyond	 petabyte	 (PB)	 and	 even	
Exabyte	 (EB)145,146.	 Open-access	 of	 interpretable	 results	 contributes	
immensely	to	the	ability	to	use	this	large	amount	of	information	in	meaningful	
ways	and	take	full	advantage	of	 it.	Several	resources	are	available	providing	
users	with	both	raw	data	and	pre-computed	gene	expression	levels.	
 

Transcriptomics	databases	
	
The	amount	of	data	generated	 in	 transcriptomics	studies	has	grown	 into	an	
explosion	 of	 information	 that	 continues	 to	 grow.	 Today,	 many	 scientific	
journals	 require	 transcriptomics	 data	 to	 be	 uploaded	 into	 public	 data	
repositories	 before	 acceptance	 for	 publication.	 This	 enables	 open-access	 of	
large	 amounts	 of	 transcriptomics	 data	 that	 enhance	 reproducibility	 and	
maximizes	 usefulness	 by	 enabling	 meta-analyses	 and	 the	 ability	 to	 use	
already	 existing	 data	 in	 new	 scientific	 contexts.	 The	 Gene	 Expression	
Omnibus	(GEO),	hosted	by	the	National	Center	for	Biotechnology	Information	
(NCBI),	 is	 a	 public	 data	 repository	 for	 both	 array-	 and	 sequence-based	
transcriptomics	data	 submitted	by	 the	 research	 community147.	 For	RNA-seq	
data,	 processed	 data	 files	 can	 be	 uploaded	 to	 GEO,	 and	 raw	 sequence	 files	
submitted	to	NCBIs	Sequence	Read	Archive	(SRA)	database.	ArrayExpress	and	
the	 Gene	 Expression	 Atlas,	 both	 hosted	 by	 the	 European	 Bioinformatics	
Institute	(EBI)	are	equivalent	European	initiatives,	also	allowing	researchers	
to	submit	and	browse	data148,149.		
	
In	addition	to	databases	that	collect	sequencing	data	from	the	whole	research	
community,	 several	 initiatives	 have	 also	 been	 launched,	 aiming	 to	 provide	
comprehensive	 maps	 of	 the	 human	 transcriptome	 across	 various	 cells	 and	
tissues,	 including	 for	 example	 The	 Genotype-Tissue	 Expression	 (GTEx)	
project,	 the	 Human	 Protein	 Atlas	 (HPA)	 and	 Fantom5150-152.	 The	 GTEx	
consortium	 is	 based	 at	 the	 Broad	 Institute	 and	 supported	 by	 the	 National	
Institute	 of	 Health	 (NIH).	 The	 GTEx	 project	 was	 initiated	 with	 the	 aim	 to	
provide	comprehensive	datasets	that	can	be	used	to	study	gene	expression	in	
relation	 to	 genetic	 variation.	 At	 the	GTEx	web	 portal,	 users	 can	 query	 gene	
expression	 profiles	 for	 genotyped	 tissue	 samples	 derived	 from	 over	 1,600	
post-mortem	 samples,	 covering	 43	 different	 tissue	 types.	 The	 HPA	 project	
also	 encompasses	 large	 amounts	 of	 RNA-seq	 data,	 integrated	 in	 the	 image-
based	 protein	 database,	 covering	 32	 different	 tissue	 types	 derived	 from	
sampling	 of	 95	 individuals.	 The	 HPA	 RNA-seq	 data	 covers	 both	 internally	
generated	RNA-seq	data,	as	well	as	imported	data	from	the	GTEx	consortium.	
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The	Fantom5	(Functional	Analysis	of	Mammalian	Genomes	5)	consortium	is	a	
large	 project	 based	 at	 RIKEN	 in	 Japan,	 mainly	 focused	 on	 mapping	 the	
transcriptional	 promoter landscape,	 which	 is	 important	 for	 transcriptional	
regulation	 by	 transcription	 factors	 and	 enhancers.	 Data	 generated	 by	 the	
FANTOM5	 project	 relies	 on	 the	 in-house	 developed	 Cap	 Analysis	 of	 Gene	
Expression	 (CAGE)	 technology.	 CAGE	 is	 based	 on	 the	 capture	 of	 capped	
5´start	 sites	 of	 mRNA	 molecules	 that	 are	 further	 sequenced	 with	 the	
Heliscope	sequencer	without	 the	need	 for	PCR	amplification.	The	FANTOM5	
project	 provides	 RNA	 expression	 profiles,	 reported	 as	 TPM	 values	 for	 975	
human	 samples	 including	 cancer	 cell	 lines,	 primary	 cells	 and	 various	
tissues153.	 Several	 studies	 have	 been	 performed	with	 the	 aim	 to	 investigate	
the	 over-all	 consistency	 among	public	 sources	 of	 RNA-seq	 data.	 The	 results	
from	 these	 studies	 show	 that	 there	 is	 a	 high	 genome-wide	 correlation	
between	data	from	similar	tissues	generated	at	different	labs	using	different	
technologies154-156.		
	

Proteomics	databases	
	
In	 the	 mid	 1990s,	 several	 computer-driven	 and	 EST-based	 studies	 were	
published	 aiming	 to	 estimate	 the	 number	 of	 human	 protein-coding	 genes,	
resulting	 in	estimates	between	50,000-100,000	genes157,158.	 In	 the	 following	
years,	 the	 estimates	were	 further	 condensed,	 and	when	 the	human	genome	
sequence	 was	 first	 announced	 in	 2001,	 the	 estimated	 number	 of	 protein	
coding	 genes	 was	 smaller	 than	 ever	 expected,	 revealing	 30,000-40,000	
according	to	the	public	consortium	and	38,588	(26,588	with	strong	evidence	
plus	 an	 additional	 12,000)	 according	 to	 the	 competing	 private	
consortium159,160.	Through	the	recent	years,	a	shrinking	set	of	protein-coding	
genes	has	been	a	continuously	developing	trend.	In	2012,	the	Encyclopedia	of	
DNA	Elements	 (ENCODE)	project,	 aiming	 to	catalogue	all	 functional	parts	of	
the	 genome,	 identified	 20,687	 protein-coding	 genes	 and	 according	 to	 the	
latest	 Ensembl	 annotation	 update,	 there	 are	 20,441	 protein-coding	 human	
genes	to	date161.		
	
The	 UniProtKB/Swissprot	 is	 a	 manually	 curated	 database	 of	 protein	
sequences	 and	 functional	 information.	 The	 latest	 release	 comprises	 20,197	
human	proteins,	of	which	14,876	have	been	experimentally	shown	to	exist1.	
The	annotation	of	 the	human	proteome	 in	UniProtKB	 is	 an	ongoing	project,	
continuously	striving	to	 improve	quality	of	 the	data.	Currently,	589	proteins	
are	marked	as	uncertain	due	to	lack	of	evidence	for	their	existence,	more	than	
half	 of	 these	 are	 predicted	 to	 be	 translation	products	 from	putative	pseudo	
genes.	Their	existence	is	therefore	a	matter	of	debate	and	explains	partly	the	
lack	 of	 complete	 overlap	 between	 the	 databases162.	 A	 commonly	 used	
database	for	proteomics	data	generated	with	MS	methods	is	the	PRoteomics	
																																																								
1	based	on	a	search	2016-09-12		
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IDEntifications	 (PRIDE)	 database	 that	 is	 a	 public	 repository	 for	 proteomics	
data	including	protein	peptide	identifications,	PTMs	and	spectral	evidence163.		
	

The	Human	Protein	Atlas	
	
HPA	 is	 a	 research	program	aimed	 to	 systematically	 characterize	 the	human	
proteome	 in	 cell	 lines	 and	 tissues	 of	 both	 normal	 and	 cancerous	 origin164.	
Since	 the	 launch	 of	 the	 project	 in	 2003,	 the	 HPA	 continues	 its	 exploration	
through	 the	 proteomic	 landscape,	 by	 continuously	 gathering	 data	 into	 a	
publicly	 available	 knowledge	 database.	 The	 HPA	 project	 operates	 from	 a	
gene-centric	point	of	view	and	relies	mainly	on	the	use	of	in-house	produced	
antibodies	 that	 are	 used	 in	 immunohistochemistry	 (IHC)	 and	 IF	
applications97,165.	Organized	 into	a	Cell	Atlas,	a	Pathology	Atlas	and	a	Tissue	
Atlas,	protein	expression	is	presented	in	high-resolution	images	accompanied	
with	 transcriptomics	 data	 derived	 both	 from	 internal	 RNA-seq	 experiments	
and	external	data	from	the	GTEx	consortium.	As	antibody	reagents	carry	the	
risk	 of	 unspecific	 interactions	 with	 multiple	 targets,	 their	 usage	 requires	
careful	validation	of	specificity	and	performance	across	the	different	assays	in	
which	they	are	used.	All	antibodies	that	are	used	in	the	HPA	are	extensively	
validated	with	the	results	integrated	on	the	atlas.	Major	milestones	in	the	HPA	
project	 include	 the	 release	 of	 the	 Tissue	 Atlas	 in	 2015,	 with	 the	 major	
conclusion	 that	 protein	 expression	 is	 ubiquitous	 over	 diverse	 tissue	 types,	
with	 only	 a	 few	 genes	 showing	 tissue-specific	 expression,	 specifically	
enriched	 in	 brain	 and	 testis97.	 In	 the	 end	 of	 2016,	 the	 Cell	 Atlas	 will	 be	
released,	 containing	 subcellular	 localization	 data	 for	 >	 12,000	 human	
proteins166.	

	

Gene	Ontology	
	
To	 gain	 meaningful	 biological	 insight	 from	 large-scale	 biological	 data,	
typically	 from	 a	 list	 of	 transcripts,	 genes	 or	 proteins	 of	 potential	 interest,	
functional	annotations	are	useful.	Several	databases	are	available	that	collect	
functional	annotations	 for	genes	and	gene	products,	and	provide	 interactive	
web-based	search	functions.	These	generally	contain	 information	on	cellular	
localization,	 biological	 functions,	 and	 pathway	 involvement	 and	 interaction	
partners.		
	
The	Gene	Ontology	(GO)	 is	a	 large	collaborative	project	that	was	 initiated	in	
1998	 with	 the	 aim	 to	 develop	 a	 controlled	 vocabulary	 for	 biological	
characteristics	 of	 gene	 products167.	 In	 addition,	 GO	 also	 provides	 several	
publicly	available	tools	for	access	and	interpretation	of	the	ontology	data.	GO	
uses	both	manual	and	automatic	approaches	to	collect	annotations	 from	the 
literature	and	translate	it	into	GO	terms	that	are	further	organized	into	a	tree	
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structure.	 GO	 terms	 are	 accompanied	 by	 a	 description,	 a	 digital	 identifier	
(accession)	 and	 an	 evidence	 code	 that	 denotes	 the	 type	 of	 evidence	 upon	
which	the	annotation	is	based.	The	GO	data	is	separated	into	three	unrelated	
domains;	 Cellular	 Compartment,	 Biological	 Process	 and	Molecular	 Function.	
Each	 of	 these	 domains	 is	 organized	 into	 a	 semi-hierarchical	 system	 of	 GO	
terms	 that	 are	 connected	 by	 edges	 that	 represent	 their	 relationship.	 The	
system	starts	from	the	root	domain,	and	continues	downwards	through	more	
specialized	 child	 terms.	 However	 there	 is	 no	 strict	 hierarchy	 and	 GO	 terms	
can	have	multiple	parents	as	well	as	multiple	descendants.	Each	GO	term	can	
be	associated	with	any	number	of	gene	products,	and	each	gene	product	can	
be	 associated	 with	 any	 number	 of	 GO	 terms.	 Since	 related	 GO	 terms	 that	
appear	 at	 different	 depths	 in	 the	 hierarchy	 often	 share	 associated	 gene	
products,	 analyses	 based	 on	 GO	 terms	 often	 suffers	 from	 redundancy.	 To	
overcome	 this	 problem,	 several	 attempts	 have	 been	 made	 to	 improve	 GO	
analysis,	 for	 example	 by	 considering	 the	 correlations	 among	 terms	 in	 the	
hierarchy	 and	 trimming	 strategies	 to	 reduce	 redundancy	 among	 GO	
terms168,169.	
	
	

Functional	enrichment	analysis	
	
For	 proper	 interpretation	 of	 gene	 lists	 derived	 from	 RNA-seq	 experiments,	
annotations	 for	 individual	 gene	 products	 are	 usually	 not	 sufficient	 per	 se.	
What	 has	 become	 almost	 a	 standard	 routine	 among	 researchers	with	 large	
gene	lists	in	their	hands	is	to	use	statistical	methods	to	find	annotations	that	
are	over-represented	in	their	datasets.	The	basis	for	such	analyses	is	to	look	
for	 the	 proportion	 of	 genes	 associated	with	 a	 certain	 annotation	within	 the	
dataset	 and	 compare	 this	 to	 the	 proportion	 of	 genes	 associated	 with	 that	
annotation	 in	 the	 background	 dataset,	 for	 example	 the	 full	 set	 of	 protein-
coding	genes	in	the	genome.	Numerous	tools	are	available	for	such	analyses,	
both	as	packages	suitable	 for	statistical	programming	environments,	as	well	
as	web-based	 tools,	 for	 example	TopGO,	 enrichGO,	 Gorilla,	 the	Database	 for	
Annotation,	Visualization	and	 Integrated	Discovery	(DAVID)	and	FunRich170-
174.	Functional	enrichment	analyses	can	be	based	on	any	type	of	annotation,	a	
popular	approach	is	to	make	use	of	the	GO	system	of	classifications.		
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Challenges	and	considerations	
	
The	 direct	 access	 to	 pre-processed	 gene	 expression	 values	 at	 several	 web	
portals	is	convenient	in	many	aspects.	For	example,	researchers	that	are	not	
performing	 RNA-seq	 experiments	 themselves	 can	 access	 expression	 levels	
without	going	through	the	extensive	data	processing	that	downloading	of	raw	
data	would	require.	 It	also	enables	researchers	to	query	only	a	few	genes	of	
interest,	 in	 a	 tissue-specific	 context,	 instead	 of	 having	 to	 deal	 with	 large	
genome-wide	datasets.	However,	 the	usage	of	 these	 expression	 levels,	 often	
reported	 in	 terms	of	 FPKM	or	TPM	values	 should	be	 considered	with	 some	
caution.	 In	 theory,	 these	 values	 are	 not	 comparable	 over	 different	 samples,	
due	 to	 inherent	 sample	 dependence	 (as	 discussed	 in	 chapter	 2),	 and	more	
sophisticated	 statistical	 methods	 are	 required	 to	 establish	 whether	 a	
gene/transcript	 is	 significantly	 differentially	 expressed.	 Due	 to	 the	
comprehensive	 collections	 of	 samples	 in	 the	 databases	 described	 above,	 it	
would	be	practically	inconvenient	to	perform	pairwise	analyses	of	differential	
expression	across	thousands	of	samples.	It	is	easier	to	simply	present	the	data	
in	 terms	 of	 abundance	 levels.	 Even	 though	 comparisons	 of	 RNA	data	 needs	
statistics	 in	theory,	direct	comparisons	of	FPKM	or	TPM	values	have	proven	
to	work	relatively	well	in	practice.	For	users	that	are	not	familiar	enough	with	
RNA-seq	 data	 to	 take	 this	 into	 consideration,	 comparison	 of	 reported	
expression	levels	can	however	be	misleading.	Small	differences	in	FPKM	and	
TPM	values	bear	 the	 risk	of	being	overrated,	 leading	 to	downstream	bias	 in	
the	interpretations.		
	
As	biological	data	continues	to	expand,	not	only	in	terms	of	quantity	but	also	
in	 terms	 of	 various	 new	 data	 sources,	 achieving	 a	 standardized	 annotation	
system	 is	 emerging	 as	 a	major	 challenge.	 Functional	 annotations	 should,	 at	
best,	enable	their	users	to	both	contribute	and	extract	information	in	a	robust	
and	 feasible	manner.	 To	 achieve	 a	 uniform	 system	with	 consistent	 formats	
and	 languages,	 large-scale	 adoption	 is	 required	 by	 the	 whole	 research	
community.	GO	was	initiated	with	the	aim	to	establish	a	standardized	system,	
and	 is	 widely	 used	 today.	 However,	 the	 GO	 system	 displays	 a	 lot	 of	
redundancy	by	allowing	GO	 terms	 to	have	multiple	parents	and	child	 terms	
with	 overlapping	 genes	 linked	 to	 them.	 An	 additional	 drawback	with	 GO	 is	
that	 the	numerical	 portion	of	GO	 terms	has	no	 inherent	meaning	 related	 to	
the	 hierarchy,	which	makes	 them	 less	 useful	 from	a	 computational	 point	 of	
view.	The	IDs	of	GO	terms	are	assigned	in	numerical	order	by	the	editing	tool,	
thereby	only	indicating	the	order	in	which	they	were	created.	Over	the	past,	
the	 global	 research	 community	 has	 collectively	 focused	 attention	 on	 a	
relatively	 small	 fraction	 of	 the	 proteome.	 A	 recent	 bibliometric	 analysis	
revealed	 that	 this	 fraction	 has	 remained	 relatively	 stable	 over	 the	 past	 20	
years175.	 This	 skewed	 focus	 is	 considerable	 in	 the	 context	 of	 functional	
analyses.	 As	well-studied	 proteins	 are	 richer	 in	 annotations,	 they	 are	more	
likely	to	appear	in	query	results	thus	accumulating	in	future	analyses.	
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The	development	of	high-throughput	technologies	has	reshaped	biology	into	
a	quantitative	and	computationally	intense	area	of	research.	Researchers	can	
now	 perform	 large-scale	 and	 quantitative	 analyses	 of	 whole	 genomes	 and	
transcriptomes,	and	a	large	part	of	proteomes.	These	technological	advances	
have	 led	 to	 a	 promising	 starting	 point	 for	 modeling	 the	 cell	 and	 its	 inner	
workings.	 In	order	 to	gain	 complete	understanding	of	 the	 complex	 circuitry	
underlying	 cell	 identity	 and	 diversity,	 understanding	 of	 multi-level	 gene	
expression	 is	 important,	 which	 requires	 integration	 of	 heterogeneous	 data	
sources.	 In	addition	 to	 that,	 spatial	 resolution	of	expression	 is	 crucial	 in	 the	
overall	understanding	and	characterization	of	the	human	proteome.	
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5.	Aims	of	the	thesis		

While	 the	 previous	 chapters	 are	 dedicated	 to	 the	 surrounding	 field	 of	
research	that	I	am	acting	within,	the	following	two	chapters	aim	to	discuss	the	
scientific	 contribution	 of	 myself	 and	 co-workers	 over	 the	 past	 years.	 This	
contribution	is	gathered	in	the	following	collection	of	papers:	
	
I		 The	 aim	of	 this	 study	was	 to	 explore	 the	 consistency	 among	 a	 set	 of	

RNA-seq	 datasets	 generated	 at	 different	 laboratories	 using	 different	
strategies.	 By	 comparison	 of	 mRNA	 expression	 levels	 for	 ostensibly	
similar	 tissues	 we	 showed	 that	 publicly	 available	 RNA-seq	 data	 is	
relatively	 consistent,	 requiring	 only	 light	 processing	 for	 samples	 to	
cluster	according	to	tissue	type	rather	than	corresponding	laboratory.		

	
II	 In	 this	 study	 we	 investigated	 the	 quantitative	 relationship	 between	

mRNA	 and	 protein	 levels	 under	 steady-state	 conditions	 in	 various	
human	cell	types	and	tissues.	By	combining	RNA-seq	technology	with	
an	 in-house	developed	approach	 for	 targeted	mass	 spectrometry,	we	
showed	that	there	is	a	gene-specific	conversion	factor	between	mRNA	
and	protein	levels	that	can	be	used	to	predict	protein	abundance	in	a	
steady-state	context.	

	
III	 The	aim	of	this	study	was	to	use	RNA-seq	to	guide	analysis	of	protein	

expression	 in	 a	 four-step	 cell	 model	 for	 malignant	 transformation,	
called	the	BJ	model.	RNA-seq	followed	by	protein	profiling	was	applied	
on	 this	 model,	 enabling	 us	 to	 scrutinize	 changes	 in	 gene	 expression	
across	defined	steps	of	tumorigenesis.	We	concluded	that	the	majority	
of	 differentially	 expressed	 genes	 were	 downregulated	 within	 the	
model,	 and	 the	 combined	 transcriptomics	 and	 protein	 profiling	
approach	 enabled	 the	 identification	 of	 several	 proteins	 with	
interesting	 expression	 profiles	 that	were	 further	 validated	 in	 patient	
tumor	samples.		

	
IV		 Tumor	 tissues	 often	 contain	 local	 areas	 deprived	 of	 oxygen	 where	

malignant	 cells	 are	 still	 able	 to	 sustain	 rapid	 proliferation.	 In	 this	
study,	 we	 used	 a	 transcriptomics	 approach	 to	 explore	 differential	
responses	 to	 decreased	 oxygen	 in	 the	 four	 stages	 of	 the	 BJ	 model	
separately.	 The	 results	 show	 that	 even	 though	 the	 cell	 lines	 in	 this	
model	are	highly	similar,	they	respond	strikingly	different	to	moderate	
hypoxia.	The	introduction	of	SV40	Large-T	introduces	major	molecular	
changes	with	 impact	 on	 the	 cells	 ability	 to	 adapt	 to	 lowered	 oxygen	
concentration.	 This	 shows	 the	 potential	 of	 the	 BJ	 model	 to	 also	
undergo	 studies	 of	 perturbed	 scenarios	 in	 relation	 to	 malignant	
transformation.		
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6.	Present	investigation		

While	 the	work	 covered	 in	 this	 thesis	 is	 concerned	with	multiple	 biological	
questions,	there	is	one	unifying	aspect;	assessing	the	use	of	data	derived	from	
sequencing	of	mRNA	of	human	cells	and	tissues.	The	dynamic	nature	of	mRNA	
makes	 RNA-seq	 an	 attractive	 method	 to	 generate	 a	 snapshot	 of	 the	
transcriptional	 landscape	 at	 a	 particular	 moment	 of	 interest.	 RNA-seq	 has	
become	widely	popular	and	new	datasets	are	continually	being	produced	and	
uploaded	in	repositories	for	public	use.	The	public	availability	opens	up	new	
windows	for	analysis	of	transcriptomes,	enabling	researchers	to	expand	their	
data	by	incorporation	of	externally	generated	dataset	into	their	own	projects.	
This	 has	 great	 potential	 in	 adding	 power	 to	 analyses,	 but	 requires	 careful	
consideration	regarding	reproducibility	of	results.	To	assess	the	usefulness	of	
data	 generated	 in	 different	 labs,	 using	 different	 equipment,	 strategies	 and	
data	 processing	 pipelines,	 we	 analyzed	 the	 consistency	 of	 a	 number	 of	
publicly	available	RNA-seq	datasets	(paper	I).		
 
As	asserted	by	the	central	dogma	of	molecular	biology,	mRNA	is	a	messenger	
carrying	 information	 that	 is	 ultimately	 used	 for	 proteins	 to	 be	 synthesized.	
The	increasing	number	of	studies	that	use	RNA-seq	to	characterize	biological	
functions	 commonly	 assume	 that	differences	 in	mRNA	abundance	would	be	
reflected	 on	 the	 protein	 level	 where	 the	 “real”	 action	 takes	 place.	 To	
investigate	the	degree	of	correlation	between	mRNA	and	protein	abundance,	
we	combined	RNA-seq	analysis	with	a	targeted	mass	spectrometry	approach	
for	 absolute	 protein	 quantification	 (paper	 II).	 Here,	 we	 observed	 a	 gene-
specific	 relation	 between	 mRNA	 and	 protein	 levels,	 conserved	 across	 the	
panel	 of	 cell	 lines	 and	 tissues	 included	 in	 the	 study.	 The	 results	 from	 this	
study	 indicate	 great	 promise	 for	 transcriptomics	 to	 guide	 and	 focus	
proteomics	studies.		
	
One	 example	 of	 a	 study	 where	 information	 derived	 by	 RNA-seq	 was	
successfully	used	to	guide	protein	analysis	is	presented	in	paper	III.	The	field	
of	 cancer	 research	 constitutes	 one	 of	 the	 main	 branches	 in	 contemporary	
molecular	 biology,	 but	 the	 molecular	 mechanisms	 underlying	 tumor	
development	are	still	far	from	completely	understood.	In	the	work	presented	
in	paper	III,	we	performed	the	first	global	analysis	of	transcriptome	changes	
within	 a	 four-step	 model	 for	 malignant	 transformation	 (see	 chapter	 1	 for	
more	details	on	the	model	system).	As	being	part	of	the	Human	Protein	Atlas	
project,	we	have	access	 to	a	unique	 library	of	antibodies	 towards	all	human	
proteins.	This	enabled	us	to	perform	follow-up	studies	on	interesting	proteins	
selected	by	analysis	of	transcriptomics	data.	In	the	work	presented	in	paper	
III,	we	found	several	 interesting	protein	candidates	whose	expression	in	the	
cell	 line	 model	 was	 further	 evaluated	 in	 tumor	 tissue	 samples	 of	 different	
malignant	stages.	We	concluded	that	the	cell	 line	model,	despite	its	 inherent 
limitations,	serves	as	a	good	model	to	study	gene	expression	changes	during	
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malignant	transformation.	We	therefore	continued	to	expose	this	model	to	a	
perturbed	environment	with	decreased	oxygen	supply,	presented	in	the	form	
of	a	manuscript	(paper	 IV).	Tumor	tissues	often	contain	local	areas	that	are	
less	 oxygenated	 due	 to	 uncontrolled	 oncogene-driven	 proliferation	 of	 the	
present	tumor	cells.	An	important	characteristic	of	transformed	cancer	cells	is	
their	capability	to	rewire	their	energy	metabolism	and	continue	to	proliferate	
independently	 of	 oxygen.	 This	 aggressive	 phenotype	 is	 known	 to	 be	
associated	 with	 increased	 resistance	 to	 radiotherapy	 as	 well	 as	 increased	
metastatic	potential176.	To	continue	our	study	of	 the	BJ	model	 for	malignant	
transformation,	 we	 set	 out	 to	 explore	 the	 existence	 of	 such	 metabolic	
flexibility,	 from	 a	 transcriptomics	 perspective.	 Our	 results	 show	 that	 the	 BJ	
model	can	be	divided	into	two	groups,	one	premalignant	phenotype	including	
the	 primary	 and	 immortalized	 cells	 and	 one	 postmalignant	 phenotype	 in	
which	 the	 introduction	 of	 the	 SV40	 give	 rise	 to	 major	 metabolic	 changes	
mainly	 involving	 upregulation	 of	 lipid,	 carbohydrate	 and	 amino	 acid	
metabolic	 pathways.	 In	 the	 end	 of	 this	 thesis	 are	 the	 articles	 and	 a	
manuscript,	containing	detailed	descriptions	of	the	work	and	its	findings.	
 
 

Assessing	the	consistency	among	public	RNA-seq	data	(Paper	I)	
 
About	three	years	ago,	one	of	my	supervisors	was	involved	in	a	collaborative	
study	 aiming	 to	 describe	 the	 baseline	 transcriptome	 of	 human	 skeletal	
muscle.	 Browsing	 the	web,	 he	 stumbled	 upon	 a	 blog	 post	 that	 immediately	
caught	his	attention.	A	young	man	had	become	a	self-taught	bioinformatician	
by	exploring	RNA-seq	data	after	his	wife	had	been	diagnosed	with	a	genetic	
disease.	 In	 this	 blog-post,	 he	 described	 his	 excitement	 over	 the	 increasing	
availability	 of	 public	 RNA-seq	 data,	 especially	 the	 Illumina	 Body	Map	 from	
which	 he	 had	 downloaded	 BAM	 files	 and	 quantified	 gene	 expression	 in	 a	
number	of	different	tissue	types177.	 
	
“Often	 I	 find	 myself	 needing	 a	 quick	 reference	 on	 how	 highly	 expressed	 a	

particular	 gene	 is	 across	 different	 tissues,	 either	 to	 browse	 visually	 or	 to	

combine	with	other	data	in	an	analysis.	“	178	

	
Since	my	supervisor	was	working	with	RNA-seq	data	for	muscle	samples,	he	
was	 well	 familiar	 with	 the	 gene	 TTN,	 encoding	 the	 third	 most	 abundant	
protein	(Titin)	in	human	muscle	after	Myosin	and	Actin179.	Therefore,	he	got	
surprised	when	 he	 noticed	 that	 this	 gene	was	 reported	 to	 have	 FPKM=0	 in	
data	for	muscle	tissue	presented	on	the	blog.	He	started	to	dig	deeper	into	this	
finding	 and	 performed	 reanalysis	 of	 the	 same	 data	 using	 different	 program	
parameters.	This	 resulted	 in	about	2.7	million	aligned	 reads	 to	 the	genomic	
region	occupied	by	TTN,	corresponding	to	an	FPKM	value	of	about	200.	The	
reason	for	this	discrepancy	was	a	default	 limit	on	the	number	of	alignments	
per	locus,	set	by	the	program	Cufflinks.		
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This	was	 the	starting	point	 for	 the	project	 that	 is	presented	 in	paper	 I.	 In	a	
time	when	RNA-seq	data	is	heavily	being	used	by	people	with	a	broad	range	
of	knowledge	it	is	more	important	than	ever	to	secure	the	usefulness	of	data	
and	control	for	bias.	We	therefore	set	out	to	assess	the	consistency	of	publicly	
available	 RNA-seq	 data	 on	 a	 global	 level.	 Our	 focus	 subsequently	 turned	
towards	 global	 expression	 analyses.	 Instead	 of	 looking	 at	 individual	 gene	
expression	 values,	we	 analyzed	 the	 variability	 among	 the	 different	 samples	
and	 explored	 the	 impact	 on	 a	 number	 of	 factors	 related	 to	 the	 data	
generation.	 If	 samples	 clustered	 according	 to	 tissue	 type	 rather	 than	
laboratory	 of	 origin,	 or	 some	 other	 factors	 related	 to	 experimental	
parameters,	we	considered	them	consistent	and	useful	for	meta-analyses.	For	
example,	one	could	use	data	generated	by	others	to	identify	tissue	origin	of	an	
unknown	sample,	and	use	external	data	to	expand	the	number	of	replicates	in	
ones	own	experiment.	We	initially	analyzed	the	consistency	among	four	sets	
of	 pre-computed	 gene	 expression	 levels	 (FPKM	 and	 RPKM	 values)	 for	 the	
human	 tissue	 types	 brain,	 heart,	 and	 kidney.	 	 These	 datasets	 had	 several	
differences	in	the	parameters	related	to	the	generation	of	them.	Our	aim	with	
this	 study	 was	 not	 to	 propose	 a	 gold	 standard	 protocol	 that	 would	 keep	
datasets	 more	 consistent	 between	 labs,	 but	 rather	 to	 allow	 parameters	 to	
vary	 and	 explore	 the	 possibility	 to	 process	 the	 data	 in	 a	 way	 that	 would	
maximize	their	usefulness.	Our	major	take-home	message	from	this	study	was	
that	 public	 RNA-seq	 datasets	 are	 relatively	 consistent,	 requiring	 only	 light	
pre-processing	 for	 samples	 to	cluster	according	 to	 their	 tissue	of	origin.	We	
found	 that	 reprocessing	 of	 raw	 data	 did	 not	 bring	 about	 any	 significant	
improvements,	except	for	allowing	the	complete	set	of	genes	to	be	 included.	
In	 contrast	 to	 the	 blog	 post	 that	 initiated	 this	 project,	 luckily	 we	 did	 not	
encounter	any	problems	with	missing	out	on	important	tissue-specific	genes	
while	analyzing	the	published	data.	This	project	is	presented	in	more	detail	in	
paper	I.	
	
	

Using	transcriptomics	to	guide	proteomics	(Paper	II)	
	
Since	proteins	are	commonly	attributed	the	major	functional	role	within	cells,	
sequencing	of	mRNA	 is	based	on	 the	assumption	 that	a	difference	 in	mRNA	
abundance	 reflects	 different	 phenotypes	 via	 differences	 in	 corresponding	
protein	 levels.	 To	 investigate	 the	 accuracy	 of	 this	 assumption,	 translation	
research	 has	 evolved	 into	 a	 field	 of	 its	 own,	 aimed	 at	 establishing	 the	 link	
between	 mRNA	 and	 protein	 under	 various	 scenarios134,180.	 During	 the	 last	
decade,	 numerous	 studies	 have	 been	 conducted	 aiming	 to	 reveal	 the	
quantitative	 relationship	 between	 mRNA	 and	 corresponding	 protein	
products.	One	way	 to	approach	 the	question	whether	a	correlation	between	
mRNA	levels	and	protein	levels	exist	is	to	simply	correlate	mRNA	and	protein	
expression	 levels	 for	 numerous	 different	 genes.	 This	 can	 be	 done	 for	 both	
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relative	and	absolute	values	of	expression.	Another	approach,	which	was	used	
in	the	study	presented	in	paper	 II,	 is	to	compare	the	relative	abundances	of	
one	gene	at	a	time,	across	various	samples.	An	absolute	consensus	has	not	yet	
been	 reached	 regarding	 the	 extent	 to	 which	 mRNA	 levels	 dictate	 protein	
levels.	However,	most	researchers	agree	that	the	RNA-to-protein	(RTP)	ratios	
depend	on	multiple	related	processes	and	can	vary	greatly	between	genes	and	
gene	 categories	 and	 even	 display	 pathological	 disturbances181.	 Given	 this	
multitude	and	heterogeneity	of	interactions	that	contribute	to	the	RTP	ratios,	
a	more	 straightforward	approach	 is	 to	 investigate	 this	 relationship	 for	 each	
gene	 individually.	 In	 paper	 II,	 a	 targeted	 mass	 spectrometry	 assay	 was	
developed,	 allowing	absolute	quantification	of	protein	molecules	per	 cell.	 In	
this	 method,	 isotope-labeled	 recombinant	 protein	 fragments	 of	 known	
amounts	were	used	as	internal	standards,	enabling	absolute	quantification	of	
55	proteins	with	the	PRM	technology.	The	panel	of	55	proteins	was	quantified	
in	9	cell	lines	and	11	tissue	samples.	Normalization	against	number	of	cells	is	
straightforward	 for	 cell	 lines	 as	 there	 are	 convenient	 methods	 for	 cell	
counting.	 For	 tissue	 samples	 however	 it	 is	 more	 challenging,	 due	 to	 the	
heterogeneous	composition	of	tissues	and	the	extracellular	matrix	containing	
a	 vast	 amount	 of	 protein.	 An	 essential	 part	 of	 this	 study	 was	 therefore	 to	
develop	 a	 strategy	 for	 normalization	 against	 cell	 number	 in	 the	 tissue	
samples.	The	targeted	PRM	approach	was	developed	for	the	four	core	histone	
subunits	 H2A,	 H2B,	 H3	 and	 H4,	 previously	 shown	 to	 be	 evenly	 distributed	
along	the	chromosomes182.	In	this	way,	the	number	of	cells	within	each	tissue	
sample	 could	 be	 calculated.	 The	 results	 presented	 in	 this	 paper	 show	 that	
there	 is	a	gene-specific	 ratio	between	absolute	concentration	of	protein	and	
the	corresponding	mRNA	levels	(presented	as	normalized	TPM	values)	that	is	
conserved	across	the	various	cell	types	and	tissues	included	in	the	study.	The	
RTP	ratios	evaluated	in	this	study	showed	high	variability,	ranging	from	200	
for	 the	 transcription	 factor	 MYBL2	 to	 220,000	 for	 the	 serine	 protease	
inhibitor	SERPINB1.	The	diversity	observed	 in	 this	relatively	small	set	of	55	
genes	 indicates	 the	 importance	 of	 gene-specific	 characteristics	 and	
posttranscriptional	 regulation	 to	 determine	 protein	 concentrations.	 How	
these	differences	appear	between	genes	and	gene	categories	on	a	global	scale	
remains	for	the	future	to	be	evaluated.	Our	study	suggests	that	each	gene	has	
its	 own	 inherent	 ratio	 between	 mRNA	 and	 protein,	 owing	 to	 multiple	
regulatory	 factors	 that	 collectively	 control	 the	 abundance	 of	 these	 related	
molecules.	This	finding	suggests	that	correlation	between	mRNA	and	protein	
levels	 should	 be	 assessed	 for	 each	 gene	 individually,	 rather	 than	 being	
generalized	on	a	global	scale,	and	that	transcriptomics	is	a	powerful	tool	with	
great	potential	to	guide	proteomics	studies	in	the	right	directions.	
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Combining	 transcriptomics	 and	 protein	 profiling	 to	 study	
malignant	transformation	(paper	III	and	IV)	
	
Malignant	transformation	 is	a	complex	process	 involving	multiple	molecular	
events	 that	 subsequently	 lead	 to	 a	 cancerous	 phenotype183.	 To	 characterize	
the	 molecular	 changes	 underlying	 malignant	 transformation,	 we	 combined	
transcriptomics	 and	 immunofluorescence	protein	 profiling	 applied	 on	 a	 cell	
line	model	 for	malignant	 transformation.	The	cell	 line	model	 is	of	 fibroblast	
origin	 and	 was	 created	 in	 order	 to	 mimic	 the	 natural	 steps	 of	 malignant	
transformation.	 This	 was	 achieved	 by	 the	 sequential	 additions	 of	 three	
genetic	alterations	(see	chapter	1	for	more	details).	Transcriptomic	profiling	
of	the	four	steps	in	the	model	indicated	differential	expression	of	about	6%	of	
the	protein-coding	genome,	in	at	least	one	step	going	from	the	primary	state	
to	the	immortalized	state,	via	the	transformed	state	to	the	final	metastasizing	
state.	 Among	 the	 differentially	 expressed	 genes,	 a	 majority	 (80%)	 showed	
downregulation	 over	 the	 course	 of	 increased	 malignancy.	 Downregulation	
was	 shown	 to	 mainly	 affect	 genes	 encoding	 proteins	 expressed	 on	 surface	
areas	 of	 the	 cell	while	 upregulation	was	mainly	 affecting	 genes	 involved	 in	
proliferation.	 The	unique	 repository	 of	 in-house	produced	 antibodies	 in	 the	
Human	Protein	Atlas	enabled	subsequent	analysis	of	proteins	with	interesting	
expression	 profiles	 throughout	 the	model,	 identified	 by	 the	 transcriptomics	
analysis184.	 Confocal	 imaging	 of	 immunofluorescence-stained	 cells	 enabled	
proteins	to	be	visualized	with	spatial	resolution	on	a	single	cell	 level.	 In	this	
way,	 subcellular	 translocation	 could	 be	 observed	 and	 upregulation	 on	 the	
mRNA	 level	was	 not	 only	 reflected	 in	 increased	 staining	 intensity	 in	 the	 IF	
images	but	also	in	increased	number	of	cells	expressing	a	certain	protein,	for	
example	in	the	case	of	Annilin.		
	
The	BJ	model	has	several	 limitations,	 for	example	by	being	a	cell	 line	model	
that	is	adapted	to	an	in	vitro	environment	and	being	of	fibroblast	origin	which	
is	not	the	most	typical	cell	type	to	undergo	malignant	transformation	in	vivo.	
However,	 genome-wide	 transcriptomics	 analysis	 of	 this	 model	 enabled	 the	
identification	of	several	 interesting	candidates	with	potential	 implications	in	
cancer.	Some	of	these	proteins	were	further	evaluated	in	cohorts	of	prostate	
and	 colon	 tumor	 tissues	 of	 matched	 malignancy	 grade.	 Here,	 the	 observed	
differential	 expression	 of	 ANLN,	 ANPEP,	 ANXA1	 and	 BDH1	 in	 the	 BJ	model	
was	 confirmed	 on	 a	 larger	 scale,	 covering	 almost	 a	 hundred	 clinical	 tumor	
samples.	 The	 expansion	 of	 this	 study	 to	 also	 include	 in	 vivo	 samples	 is	
important	 and	 shows	 that	 the	 BJ	model	 is	 a	 relevant	model	 system	 for	 the	
study	of	malignant	transformation	and	increased	proliferative	capability.	As	a	
follow-up	 study,	 we	 exposed	 this	 model	 to	 an	 environment	 containing	 3%	
oxygen.	 This	 is	 interesting	 from	 the	 perspective	 of	 tumor	 hypoxia,	 a	
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commonly	 encountered	 scenario	 in	 solid	 tumors	 where	 local	 areas	 are	
deprived	of	oxygen,	something	tumor	cells,	but	not	normal	cells,	can	survive.	
In	 these	hypoxic	microenvironments,	 tumor	 cells	 can	 still	proliferate	due	 to	
rewiring	 of	 molecular	 functions	 such	 as	 energy	 metabolism,	 increased	
vascularization	 and	 metastatic	 behavior.	 Another	 interesting	 aspect	 of	
cultivation	 in	 3%	 oxygen	 is	 that	 it	 resembles	 the	 in	 vivo	 conditions	 better,	
compared	 to	 the	 relative	extreme	 level	of	oxygen	concentration	provided	 in	
the	atmospheric	in	vitro	cultivation	environment.	The	findings	from	this	study	
indicate	 once	 again	 that	 the	 most	 dramatic	 change	 of	 identity	 occurs	 as	 a	
result	of	the	SV40	transformation	within	the	model	system.	Not	only	did	we	
observe	 a	 higher	 number	 of	 genes	 differentially	 regulated	 in	 the	 SV40-
transformed	 stage,	 the	 differentially	 expressed	 genes	 shared	 with	 the	
previous	 stage	 were	 in	 most	 cases	 regulated	 in	 the	 opposite	 direction.	
Analysis	 of	 metabolic	 pathways	 involving	 differentially	 expressed	 genes	
showed	 that	 several	 genes	 involved	 in	 carbohydrate,	 lipid	 and	 amino	 acid	
metabolic	pathways	are	upregulated	 in	 the	 transformed	cells	 in	response	 to	
the	 altered	 oxygen	 supply.	 An	 important	 consideration	 is	 that	 the	BJ	model	
was	 originally	 created	 in	 atmospheric	 oxygen	 condition,	 limiting	 the	
possibility	to	study	the	hypoxic	phenotype	in	direct	relation	to	the	process	of	
malignant	 transformation	 itself.	 Still,	we	 demonstrate	 that,	 even	 though	 the	
cell	 lines	 of	 this	 isogenic	 model	 are	 highly	 similar	 from	 a	 global	 view,	 the	
three	 genetic	 introductions	 have	 large	 impact	 on	 the	 cell’s	 response	 to	 a	
perturbed	environment.	The	differentially	expressed	genes	that	we	identified	
in	paper	 III	were	 again	 identified	 in	 the	data	 generate	 in	 this	 study,	 in	 the	
atmospheric	condition,	adding	additional	support	to	our	previous	findings.	
	
	

Concluding	observations	and	future	perspectives	
	
I	 find	 myself	 in	 the	 middle	 of	 an	 exciting	 era.	 Technology	 development	 is	
moving	fast.	Only	a	decade	ago,	researching	gene	expression	by	examination	
of	 RNA	 transcript	 content	 was	 limited	 to	 the	 use	 of	 hybridization-based	
methods,	 covering	 only	 a	 subset	 of	 the	 cellular	 transcriptome.	 Today,	 high-
throughput	 sequencing	 has	 taken	 over	 and	 continues	 to	 evolve	 through	
applications	on	the	single	cell	 level	and	even	with	spatial	resolution185,186.	In	
the	 first	 paper	 covered	 by	 this	 thesis,	 we	 concluded	 that	 publicly	 available	
RNA-seq	datasets	are	 fairly	reproducible	on	a	general	 level.	This	 finding	has	
also	been	confirmed	more	recently	by	others,	concluding	that	the	GTEx	data	
as	well	as	Fantom5	data	show	global	consistency	with	the	data	generated	by	
the	Human	Protein	Atlas,	 even	when	 different	 transcriptomics	methods	 are	
employed155,187.	 These	 studies	 collectively	 show	 that	 transcriptomics	 has	
developed	 into	 a	 highly	 reliable	 technology,	 indicating	 that	 the	 increasing	
body	 of	 available	 datasets	 will	 continue	 to	 add	 strength	 to	 future	 meta-
analyses.	The	robustness	of	modern	RNA-seq	technology	is	not	only	valuable	
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within	 the	 field	 of	 transcriptomics	 itself.	 As	 we	 showed	 in	 paper	 II,	 its	
potential	expands	beyond	this	and	can	possibly	be	used	to	guide	exploration	
of	the	proteome.	We	have	showed	that	there	is	a	gene-specific	ratio	between	
mRNA	 and	 protein	 abundances,	 indicating	 that	 RNA-seq	 can	 be	 used	 to	
extrapolate	the	amount	of	protein	in	the	cell.	It	is	important	to	note	that	this	is	
only	 applicable	 to	 steady-state	 conditions	 and	 not	 valid	 in	 scenarios	where	
the	 cellular	 environment	 has	 been	 altered.	 However,	 as	 experiments	 are	
commonly	performed	during	steady-state	conditions,	gene-specific	RTP	ratios	
can	 till	 be	 useful,	 especially	 if	 the	 identification	 of	 RTP	 ratios	 is	 further	
expanded	 to	 involve	 the	 entire	 protein-coding	 genome.	 This	 is	 theoretically	
possible	 considering	 the	 large	 repository	 of	 recombinant	 protein	 fragments	
generated	 within	 the	 Human	 Protein	 Atlas.	 In	 order	 to	 gain	 complete	
mechanistic	 understanding	 of	 the	 regulation	 of	 gene	 expression,	 especially	
with	 regard	 to	 the	 great	 diversity	 seen	 among	 RTP	 ratios,	 more	 detailed	
analyses	 should	 however	 be	 considered.	 Neither	 should	 we	 forget	 that	
translational	mechanisms	often	are	dysregulated	in	the	context	of	disease,	for	
example	 by	 repression	 through	 binding	 of	 microRNAs	 to	 mRNA	
transcripts188,189.	The	great	potential	of	RNA-seq	to	guide	in	analyses	aiming	
to	 understand	 complex	 biological	 systems	 is	 well	 exemplified	 in	 the	 study	
presented	 in	paper	 III.	With	a	 transcriptomics	view	of	 the	cells	at	different	
stages	 of	 cancer	 development,	 we	 could	 identify	 a	 subset	 of	 interesting	
proteins	 that	 were	 further	 studied	 in	 detail	 with	 spatial	 resolution	 on	 a	
subcellular	level.	We	have	rapidly	moved	into	a	time	where	technology	allows	
for	 systematic	 exploration	 of	 entire	 genomes	 and	 transcriptomes	with	 high	
accuracy.	 The	 field	 of	 proteomics	 is	 not	 yet	 capable	 of	 reaching	 the	 same	
coverage	 as	 the	 “-omics”	 fields	 concerned	with	 nucleotides,	 as	 no	 universal	
technique	available	is	capable	of	quantifying	the	entire	human	proteome	in	a	
single	 experiment96.	 The	 immense	 size	 and	 complexity	 of	 the	 human	
proteome	 presents	 a	 great	 challenge	 for	 the	 future.	 On	 the	 other	 hand,	 a	
multitude	of	specific	biological	aspects	related	to	the	proteomic	landscape	are	
perhaps	more	 important	 for	 understanding	 the	workings	 of	 the	 cell.	 Rather	
than	 just	 focusing	 on	 global	 quantification,	 large	 efforts	 are	 likely	 to	 be	
directed	 towards	 studies	 aimed	 at	 quantifying	 protein	 activity	 in	 terms	 of	
PTMs,	 protein-protein	 interactions,	 spatial	 distribution	 as	 well	 as	
stoichiometry	 of	 protein	 complexes	 with	 implications	 in	 cell	 signaling.	 I	
speculate	 that	 advances	 over	 the	 last	 decade	 within	 the	 field	 of	
transcriptomics	will	contribute	vastly	to	guide	and	focus	proteomics	studies.	
In	the	future,	one	may	come	to	focus	more	on	measuring	a	subset	of	proteins	
isolated	 in	 a	 specific	 biological	 context,	 with	 high	 accuracy.	 Integration	 of	
multiple	strategies	developed	out	of	a	systems	biology	framework	is	needed	
to	reach	the	ultimate	goal	of	understanding	the	enormous	complexity	of	 the	
cell.		
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tacksam	over	att	få	vara	en	del	av	er	familj	också.	Viktor	–	för	din	värme	och	
nyfikenhet,	 ditt	 oändliga	 tålamod	 med	 alla	 sena	 kvällar	 då	 jag	 suttit	
fastklistrad	vid	datorn,	alla	nya	världar	du	öppnar	upp	för	mig	och	för	att	du	
bara	funnits	där!		
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